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Phasic and tonic arousal distinctly shape
human decision bias
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Neuroscientific theories hypothesize that arousal fluctuations influence human perception and
behavior in two functionally distinct ways: through variations in baseline state (tonic arousal) and by
transient task-evoked bursts (phasic arousal). We combined causal (pharmacology) and correlational
(pupillometry) methods to test the hypothesis that tonic and phasic arousal differentially influence
decision biases in humanmale participants performing a yes/no visual detection task. Computational
modeling of choice behavior and analyses of neural data (EEG) revealed that experimentally induced
shifts in decision bias were associated with changes in preparatory activity over motor cortex
resembling a starting-point bias in the decision formation. The behavioral, computational, and neural
effects of strategic shifts in decision bias were weakest on trials with high phasic pupil-linked arousal,
but did not relate to tonic pupil-linked arousal or pharmacology. In sharp contrast, tonic pupil-linked
arousal and pharmacological interventions were associated with more liberal decision-making
(increased proportion of “yes” choices) independent of task context. Thus, in line with the
hypothesized functional distinction, tonic arousalwasassociatedwith inherent decision bias,whereas
phasic arousal was related to context-dependent strategic shifts in decision bias.

Decision-making behavior is highly variable, even when identical evidence
is repeatedly presented1,2. A substantial portion of this behavioral variability
has been attributed tofluctuations in the arousal state of an organism,which
influences attentional, sensory, and decision-making processes3–5. Fluctua-
tions in arousal are primarily driven by the activity of catecholamines (i.e.,
dopamine and noradrenaline) and acetylcholine4,6–8, although other neu-
romodulators (e.g., serotonin) contribute as well9. Seminal neurophysiolo-
gical studies revealed that these neuromodulatory systems exhibit distinct
dynamics thatmay serveunique functional purposes10–14. For example, tonic
(i.e., baseline) activityof noradrenergic locus coeruleus (LC)neurons is non-
monotonically related to sensory evoked potentials in rat barrel cortex15,
whereas phasic (i.e., transient bursting) activity in monkey LC has been
observed in response to task-relevant cues and in close proximity to task-
relevant responses11,16, consistentwithpossible roles indecision-making and
motor execution. Such functional distinctions between tonic and phasic
neuromodulatory activity regimes form the basis of highly influential the-
ories, such as the Adaptive Gain Theory17.

In recent years, the functional distinction between tonic and phasic
neuromodulator-driven arousal has been studied in humans via continuous
measurements of pupil size, which—under equiluminance– correlate with
(sub-)cortical activity of neuromodulators that drive arousal18–20. Tonic
pupil-linked arousal is often calculated as the average pupil size in a baseline
prestimulus window21–24, whereas phasic arousal is usually calculated as the
response-locked (baseline-corrected) task-evoked pupil response around
the timeof the behavioral response18,25–27. Converging evidence fromhuman
pupillometry studies indicates that inherent decision biases—i.e., not related
to experimental manipulations—are weakest when phasic pupil-linked
arousal is high (i.e.,when thepupil is largeduring the response interval of the
current or preceding trial)18,25–30. Moreover, experimentally induced or
strategic decision biases, e.g., induced by changes in the proportion of trials
containing a certain stimulus category, are also weakest when phasic pupil-
linked arousal is high26. In contrast, tonic pupil-linked arousal does not seem
to correlate with decision bias18,26, but rather non-monotonically relates to
perceptual sensitivity, with optimal performance at mid-level arousal21–24,31.
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Despite this evidence for functionally distinct roles of tonic and phasic
arousal in regulating human decision bias, three critical gaps in under-
standing remain. First, it is currently unknown which neural processes
govern the relation between phasic (and possibly tonic) arousal and biased
decision-making inhumanparticipants. Second, the claim that tonic arousal
does not influence decision bias lacks sufficient empirical support. Some
pharmacological studieshave reported that causal elevationsof tonic arousal
do not affect inherent decision bias23,32,33, but the lack of experimental
control over decision biases in these studies limits definitive conclusions.
Third, the respective contributions of the catecholaminergic and cholinergic
systems remain unsolved, with prior work yielding partially conflicting
accounts. One view holds that both systems attenuate top-down biases by
amplifying bottom-up sensory drive34–37. In contrast, other work suggests a
dissociation in their effects on cortical gain: catecholamines are thought to
modulate response gain (steepening input-output functions), whereas
acetylcholine is thought tomodulatemultiplicative gain (uniform scaling of
outputs across inputs)38. Heightened response gain enhances the dis-
criminability between noise and sensory signals, improving perceptual
sensitivity, whereas increased multiplicative gain amplifies overall output
levels—including noise-driven activity– potentially biasing responses
toward signal presence.

The current study addressed these issues by combining correlational
indices (pupillometry) and causalmanipulations (pharmacology) of arousal
in 28 human participants performing a challenging yes/no visual detection
task in which decision bias was experimentally manipulated, while
recording neural activity with electroencephalography (EEG). Decision bias
was manipulated in two separate versions of the detection task, in which
aversive buzzer tones were either presented following misses (i.e., target
present, “no” response) to induce a liberal bias (saying “yes”more often) or

following false alarms (i.e., target absent, “yes” response) to induce a con-
servative bias (saying “no”more often; similar to Kloosterman et al., 2019;
Fig. 1C). Following a double-blind within-subject crossover design, ato-
moxetine (40mg, ATX) was used to elevate tonic levels of catecholamines
and donepezil (5mg, DNP) was used to elevate tonic levels of acetylcholine,
and these active drug conditions were compared to a placebo (PLC) control
condition (Fig. 1A).

This study tested if and how inherent (task-independent) and strategic
(task-related) decision biaseswere affected by pharmacological elevations of
neuromodulatory drive and if they correlated with pupil-linked tonic and
phasic arousal. Furthermore, EEG analyses and drift diffusion modeling
(DDM) of choice behavior39 were used to elucidate the neural and com-
putational mechanisms possibly underlying arousal-driven modulations of
decision bias. To anticipate the results, this study not only confirms the
distinct functional roles of tonic and phasic arousal in shaping decision bias
but also provides insights into the neural processes through which phasic
arousal governs decision bias. Elevated tonic pupil-linked arousal was
related to a lowered inherent decision criterion (i.e., more liberal decision-
making), but exhibited no relation to task-dependent strategic shifts in
decision bias. Pharmacological elevation of catecholamines (with ATX) and
acetylcholine (with DNP) revealed a trend in the same direction. In sharp
contrast, phasic pupil-linkedarousalwas selectively related to strategic shifts
in decision bias, but did not correlate with inherent decision bias. Further
neural and computational analyses suggested that the relation between
phasic pupil-linked arousal and strategic decision bias could be attributed to
modulations of anticipatory activity over motor cortex reflecting a “head
start” (biased starting point) in the preparation of preferred behavioral
responses. These findings illuminate the distinct mechanisms through

Fig. 1 | Experimental setup, pharmacology, and behavior. A Overview of drug
intake andpharmacological sessions. Participants came to the lab on three occasions,
on which they received either placebo (PLC), donepezil (DNP, 5 mg, data in green)
or atomoxetine (ATX, 40 mg, data in blue). The drug order was counterbalanced
across participants. B ATX, but not DNP, significantly increased physiological
measures of arousal (MAP: mean arterial pressure). Error bars indicate the standard
error of the mean across participants (SEM; N = 28). C Schematic representation of
the visual yes/no detection task. Participants reported the presence (50% of trials) or
absence (50% of trials) of Gabor patches that were presented centrally on top of
patches containing dynamic noise. Gabor orientation (clockwise, CW; counter-
clockwise, CCW) in target present trials was balanced, 50% of each orientation.
Liberal task: an aversive tone was presented after misses (target present, “no”

response). Conservative task: an aversive tone was presented after false alarms
(target absent, “yes” response). D Decision bias (c) and perceptual sensitivity (d’)
were estimated by fitting hierarchical Bayesian probit regression models on single-
trial data40. Two separate models were fit: the ATX-model was fit on data from the
ATX and PLC sessions (“ATX+ PLC”, in blue), and the DNP-model was fit on data
from the DNP and PLC sessions (“DNP+ PLC”, in green). Top row: posterior
distributions for the effects of—from left to right– task, drug, and their interaction on
criterion. Bottom row: same as top row, but for d’. Horizontal bars on the bottom of
the plots demark the 95% credible interval (CI95%).EEstimates of criterion (top row)
and d’ (bottom row) derived from posterior distribution means for each drug
condition and task.
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which arousal shapes decision-making and offer a deeper understanding of
the sources of variability in human behavior.

Results
Atomoxetine, but not donepezil, increases physiological mea-
sures of arousal
Several physiological measures of arousal were recorded at three moments
during each session (see Methods). The measurements at the onset of the
behavioral experiments were normalized (percentage) to the baseline
measurement prior to ingestion of the first pill and were then compared
between each drug condition (ATX, DNP) and placebo with a paired-
sample t test and its Bayesian equivalent (note that for consistency, all Bayes
Factors in the manuscript specify evidence in favor of the null-hypothesis,
BF01; seeMethods). At the onset of the experiments (4 hours after ingestion
of the first pill), ATX increased tonic pupil diameter (t(27) = 4.03, p < 0.001,
d = 1.08, BF01 = 0.01; Fig. 1B—left panel) and mean arterial blood pressure
(t(27) = 4.33, p < 0.001, d = 0.97, BF01 = 6.50e–3; Fig. 1B—right panel),
whereas DNP did not (tonic pupil diameter: t(27) = 0.18, p = 0.86, d = 0.05,
BF01 = 4.90; mean arterial pressure: t(27) = 1.76, p = 0.09, d = 0.45,
BF01 = 1.29; Fig. 1B). Thus, ATX, but not DNP, increased physiological
measures of arousal.

Behavioral task alters decision bias and perceptual sensitivity,
irrespective of drug condition
Participants performed two versions of a visual yes/no detection task in
which they detected Gabor patches that were presented on top of dynamic
visual noise (Fig. 1C). The only difference between the two task versionswas
a manipulation of decision bias through the presentation of non-monetary
punishments (aversive sounds) following either miss trials (to induce a
liberal decision bias; ‘liberal task’) or false alarm trials (to induce a con-
servative decision bias; ‘conservative task’).

Across drug conditions and tasks, participants were correct on 77.40%
of all trials (s.d. ± 6.69%) and responded with a mean RT of 610ms (s.d. ±
95ms). As expected, presenting aversive sounds following specific errors
resulted in strategic shifts in decision bias. In the liberal task (aversive sound
after misses) versus conservative task (aversive sound after false alarms),
miss rates were decreased and false alarm rates were increased (across drug
conditions; miss rate: t(27) =−3.28, p = .003, d = 0.63, BF01 = 0.07; false
alarm rate: t(27) = 5.35, p < 0.001, d = 1.13, BF01 = 5.52e−4).

To more formally investigate the behavioral effects of the tasks and
drug conditions, a hierarchical Bayesian probit regression model was fit to
choice behavior data. This probit regression model is a generalized linear
model (GLM) formulation of Signal Detection Theory (SDT), which allows
to discern effects on perceptual sensitivity (d’) and decision bias
(criterion)40,41. The SDT-GLMmodel was further extended as a hierarchical
Bayesian model. In hierarchical Bayesian models, single-subject parameter
estimates are constrained by population-level distributions of that para-
meter, rendering parameter estimationmore robust to outliers and low trial
counts42. Two separate drug models were fitted: one model compared the
effects ofATXwithPLC (“ATX-model”) and the other compared the effects
of DNPwith PLC (“DNP-model”). All regressionmodels were effect-coded
(seeMethods), with the liberal task (and placebo) being coded as−1 and the
conservative task (and ATX/DNP) as 1. Therefore, positive effects indicate
that thedependent variablewas increased for the conservative task (orATX/
DNP) over the liberal task (or PLC), and vice versa for negative effects. This
modeling approach simultaneously facilitated estimating drug effects on
inherent decision bias (i.e., main effect of drug on criterion) and drug effects
on strategic shifts in decision bias (i.e., interaction effect between drug and
taskoncriterion).Acomparisonwith traditional SDTanalyses is reported in
Supplementary Fig. 1. For each Bayesian posterior distribution, the 95%
credible interval (CI95%) and the probability of direction (pd) are
reported43,44. The pd corresponds to the proportion of the posterior that lies
on the same side of zero as the median estimate, providing a descriptive
measure of how strongly the data support an effect in a particular direction.
Importantly, and in contrast to a frequentist p value, pd does not evaluate

compatibility with the null-hypothesis and is thus not used to make claims
about significance. For visualisation purposes, group-level estimates of
criterion and d’ were reconstructed based on the median values of the
posterior distributions for all experimental conditions (Fig. 1E).

Participants were well able to perform the detection task (d’, ATX-
model: pd > 0.999, μ = 1.60, σ = 0.09, CI95% = [1.42, 1.77]; DNP-model:
pd > 0.999, μ = 1.61, σ = 0.11, CI95% = [1.40, 1.81]; Supplementary Fig. 2A)
and exhibited no overall decision bias (criterion, ATX-model: pd = 0.82,
μ = 0.03, σ = 0.03, CI95% = [−0.03, 0.08]; DNP-model: pd = 0.84, μ = 0.03,
σ = 0.03, CI95% = [−0.03, 0.09]; Supplementary Fig. 2B). In bothmodels, the
conservative task increased criterion (ATX-model: pd > 0.999, μ = 0.14,
σ = 0.03, CI95% = [0.08, 0.20]; DNP-model: pd > 0.999, μ = 0.12, σ = 0.03,
CI95% = [0.06, 0.18]; Fig. 1D—upper left panel) and d’ compared to the
liberal task (ATX-model: pd > 0.999, μ = 0.12, σ = 0.03, CI95% = [0.06, 0.17];
DNP-model: pd > 0.999, μ = 0.10, σ = 0.03, CI95% = [0.04, 0.16]; Fig. 1D—
lower left panel). The CI95% for the drug effect on criterion overlapped with
zero for both models, however, 93% (ATX-model) and 91% (DNP-model)
of theposteriormass fell belowzero, indicating a trend toward a reduction in
inherent decision criterion (i.e., more liberal decision-making; ATX-model:
pd = 0.93, μ =−0.03, σ = 0.02, CI95% = [−0.06, 0.01]; DNP-model: pd =
0.91, μ =−0.02, σ = 0.02, CI95% = [−0.05, 0.01]; Fig. 1D—upper middle
panel). In contrast, therewasnoevidence fordrug effects ond’ (ATX-model:
pd = 0.56, μ = 0.01, σ = 0.06, CI95% = [−0.10, 0.11]; DNP-model: pd = 0.64,
μ = 0.02, σ = 0.05, CI95% = [−0.07, 0.11]; Fig. 1D—lower middle panel).
Finally, there were no interactions between drug and the behavioral task,
both in terms of criterion (ATX-model: pd = 0.54, μ = 0.00, σ = 0.02,
CI95% = [−0.03, 0.04]; DNP-model: pd = 0.83, μ =−0.01, σ = 0.02,
CI95% = [−0.04, 0.02]; Fig. 1D—upper right panel) and d’ (ATX-model:
pd = 0.69, μ =−0.01, σ = 0.02, CI95% = [−0.05, 0.03]; DNP-model: pd =
0.88, μ =−0.03, σ = 0.02, CI95% = [−0.07, 0.02]; Fig. 1D—lower
right panel).

Thus, replicating earlierwork, the behavioral task led to robust strategic
shifts in decision bias and affected perceptual sensitivity45. Pharmacological
elevation of tonic catecholaminergic and cholinergic levels revealed a trend
toward more liberal decision-making behavior (i.e., more “yes” responses),
but showed no evidence for changes in perceptual sensitivity or interactions
with task context.

Tonic pupil-linked arousal related to inherent, but not strategic
shifts in decision bias
The pharmacological intervention resulted in long-lasting elevations of
neuromodulator levels, in the range of several hours (see Methods). In the
absence of pharmacological interventions, neuromodulator levels, and
hence tonic arousal, also fluctuate considerably over time and do so at
different timescales, ranging from relatively durable changes in baseline
neuromodulation (in the range of minutes and hours) to more transient,
often task-evoked, neuromodulator activity (in the range of seconds). These
fluctuations can be gauged by measuring pupil diameter under
equiluminance18–20. Because the detection task was one of four experiments
completed by the participants during each drug session (seeMethods), trial
durations and inter-trial intervalswere relatively short to ensure that enough
trials could be collected for each experiment. Although pupillometry
experiments are usually more slow-paced (to reduce, but not eliminate,
carryover effects in the pupil response from the preceding trial onto the
current trial46), phasic pupil dynamics are not as sluggish as sometimes
believed. For instance, pupil dilation following attentional orienting peaks
after 500ms47,48 and pupil responses have even been shown to track atten-
tional blinks during rapid stream visual presentation (RSVP) tasks with
stimuli presented at 10Hz49,50. Therefore, phasic pupil-linked arousal
dynamics can even be studied inmore rapid task designs, such as employed
in the current study.

To demonstrate the variability in pupil-linked arousal over time,
Fig. 2A shows a 200 s example trace of pupil size expressed as the percen-
tage of the median pupil size during the experimental block. As can
be seen, there are large fluctuations in pupil size (ranging from ~40% to
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−20% signal change with respect to the block median), happening in
the order of minutes, across multiple trials. On top of these slow
pupil dynamics there are transient changes in pupil size (in the order of
±5% signal change with respect to the block median), likely related to
stimulus presentation, behavioral responses, and various cognitive
processes.

Recently, tonic pupil-linked arousal was shown to correlate with per-
ceptual sensitivity in multiple sensory modalities (visual, auditory) and
decision types (discrimination, detection)21, but how it relates to the cri-
terion is less clear, although tonic pupil-linked arousal has been shown to be
larger for “yes” vs. “no” answers18,25. To investigate whether fluctuations in
tonic pupil-linked arousal were related to inherent and strategic decision
bias, tonic pupil-linked arousalwas calculated as the averagepupil size in the
500ms preceding stimulus onset for every trial (Fig. 2B; an identical time-
window was used in earlier work from our group21,23,51). A 2×2 (task x
response) repeated measures (rm)ANOVA revealed that “yes” responses

were preceded by increased tonic pupil-linked arousal compared to “no”
responses (F(1,27) = 16.10, η2p = 0.37, p < 0.001, BF01 = 0.02; Fig. 2C). In
contrast, there was no interaction effect between task and response in terms
of tonic pupil-linked arousal (F(1,27) = 1.17,η2p = 0.04, p = 0.29, BF01 = 2.16;
Fig. 2C). Next, a similar hierarchical Bayesian GLM-SDT analysis as
reported in Fig. 1D was constructed, with task and single-trial (z-scored)
tonic pupil-linked arousal as predictors of SDT d’ and criterion (see
Methods). The model revealed that tonic pupil-linked arousal exhibited an
overall negative relationwith SDTcriterion (pd > 0.999, μ =−0.05, σ = 0.01,
CI95% = [−0.07, −0.02]; Fig. 2D; posterior in Supplementary Fig. 3A), but
that there was no interaction effect between tonic pupil-linked arousal and
task (pd = 0.77, μ = 0.01, σ = 0.01, CI95% = [−0.01, 0.03]; Fig. 2D; posterior
in Supplementary Fig. 3B). In sum, tonic pupil-linked arousal was increased
for “yes” versus “no” responses and exhibited a negative relation with cri-
terion, but strategic shifts in criterion did not scale with tonic pupil-linked
arousal.

Fig. 2 | Phasic and tonic pupil-linked arousal are distinctly associated with
decision bias. A Example pupil trace of 200 s of an example participant, containing
146 behavioral trials. Pupil size fluctuates substantially on a relatively slow time-
scale, e.g., in the first 100 s the pupil constricts from around 40% of the blockmedian
to−10% of the blockmedian. On top of these slow drifts in pupil size, more frequent
and relatively small pupillary responses can be observed, evoked by task-related
events (stimuli, responses). B Average stimulus-locked pupil traces, split up for
behavioral response (“yes”/”no”) and task (liberal/conservative). The black hor-
izontal bar indicates the predefined time-window that was used to extract tonic
pupil-linked arousal.CMeanpupil sizes from the cluster shown in (B), for both tasks
and behavioral responses (normalized by subtraction of grand average pupil size for
visualization purposes). Tonic pupil-linked arousal was increased for “yes” vs. “no”
responses (demarked with resp.), but there was no interaction effect between task

and response (demarked with ×).D Empirical SDT criterion calculated for 10 tonic
pupil bins (circles) and fit of Bayesian GLM-SDTmodel (fit to z-scored tonic pupil-
linked arousal). Note that although the plot shows 10 tonic pupil bins, continuous
data were used as input for the Bayesian GLM-SDT. pup.: main effect tonic pupil-
linked arousal, ×: interaction between task and tonic pupil-linked.E Same as (B), but
for the (baseline-corrected) response-locked phasic pupil response. Black horizontal
bar indicates significant interaction effect between task and behavioral response.
FMean pupil sizes from the cluster shown in the (E), for both tasks and behavioral
responses (normalized by grand average pupil response for visualization purposes).
G Same as (D), but for phasic pupil responses. Note that no statistics are reported for
task x response (F) and task x phasic pupil response (G) interaction effects, as the
phasic pupil response was calculated from the cluster shown in (E), in which there
was a significant task x response interaction.
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Phasic pupil-linked arousal related to strategic shifts in bias, but
not to inherent bias
Previously, transient (response-locked) phasic pupil responses have been
related to a reduction in decision bias (i.e., less biased behavior) across
decision domains and animal species18,25,26. In Fig. 2E, the response-locked
pupil response is shown for each task and behavioral response (see Meth-
ods). These traces were derived by calculating the average pupil response for
hits, misses, false alarms, and correct rejections and then averaging over
these conditions, depending on the behavioral response (i.e., average of hits
and false alarms vs. average ofmisses and correct rejections). Consequently,
these response-contingent signals were not related to task performance or
stimulus information, but solely reflected pupil dynamics underlying the
“yes” vs. “no” decision. A permutation-based cluster-corrected 2×2 (task x
response, cluster-threshold: p < 0.05, 10.000 permutations) rmANOVA
over time revealed an interaction between task and response in phasic pupil-
linked arousal from −590ms to −270ms before the response (p = 0.02;
Fig. 2E). At these times, phasic pupil-linked arousal was increased for
responses that violated the decision bias induced by the task (Fig. 2F). For
example, during the conservative task—in which participants were biased
towards providing “no” responses– phasic pupil-linked arousal was highest
for “yes” responses. Within this time-window, there was no main effect of
response on phasic pupil-linked arousal (F(1,27) = 0.02, η2p = 0.00, p = 0.88,
BF01 = 3.93; Fig. 2F). This effect was not driven by condition differences in
RT (Supplementary Fig. 4).

Next, for each trial, phasic pupil-linked arousal was calculated as the
average (normalized) pupil size between −590ms and −270ms. Then,
another SDT-GLMmodel was fit to single-trial data, but nowwith task and
single-trial (z-scored) phasic pupil-linked arousal as predictors. The model
showed that phasic pupil-linked arousal did not correlate with overall SDT
criterion (pd = 0.83, μ =−0.01, σ = 0.01, CI95% = [−0.02, 0.01]; Fig. 2G;
posterior in Supplementary Fig. 3C). Thus, replicating previous
work18,25,26,28–30, strategic decision bias was reflected in phasic pupil-linked
arousal.

Reflection of strategic bias in phasic pupil-linked arousal does
not covary with pharmacological manipulations and tonic pupil-
pupil-linked arousal
A substantial body of work has shown that the magnitude of task-evoked
pupil responses tends to negatively correlate with tonic pupil size, with
large tonic pupil sizes preceding small task-evoked responses and
vice versa18,25,26,52,53. To exclude the possibility that the reflection of
strategic decision bias in phasic pupil-linked arousal was not actually
an inversion of an effect of tonic pupil-linked arousal, several control
analyses were performed. In a first set of control analyses, the overall
amplitudes of phasic pupil-linked arousal and spontaneous fluctuations
in tonic pupil-linked arousal were compared to quantify their differences
and interdependencies. The amplitude of phasic pupil-linked arousal
was markedly smaller than the amplitude of fluctuations in tonic
pupil-linked arousal (Supplementary Fig. 5A), did not correlate with
tonic pupil-linked arousal (Supplementary Fig. 5B), and was not affected by
ATX or DNP (Supplementary Fig. 5C). Thus, in the current dataset, phasic
pupil-linked arousal captured a unique part of pupil dynamics, not con-
founded by spontaneous and pharmacologically induced changes in tonic
arousal.

The second set of control analyses further confirmed that strategic
decision bias was selectively reflected in phasic pupil-linked arousal and not
modulated by spontaneous changes in tonic pupil-linked arousal or phar-
macologically induced increases in tonic neuromodulator levels. First, after
regressing out trial-by-trial fluctuations in tonic pupil-linked arousal from
phasic pupil-linked arousal, the interaction between task and response was
still significant (Supplementary Fig. 5D). Second, the reflection of task-
related decision bias in phasic pupil-linked arousal did not scale with tonic
pupil-linked arousal (Supplementary Fig. 5E). Third, neitherATXnorDNP
altered the reflection of strategic decision bias in phasic pupil-linked arousal
as compared to PLC (Supplementary Fig. 5F).

In sum, strategic decision bias was uniquely reflected in phasic pupil-
linked arousal, not tonic pupil-linked arousal, and this relation was neither
affectedbypharmacological elevationsof catecholaminergic andcholinergic
levels, nor by slow spontaneous fluctuations in tonic pupil-linked arousal.
Because tonic pupil-linked arousal did not show systematic relations
with our task manipulations, the subsequent analyses focus on the
computational and neural correlates of the interaction between phasic
pupil-linked arousal and strategic decision bias. For completeness, com-
parisons with tonic pupil-linked arousal are reported when they aid the
interpretation of the results.

Phasic pupil-linked arousal associated with weakened compu-
tational starting-point bias
Perceptual decisions are often formalized as a gradual accumulation of noisy
sensory evidence towards an internal decision threshold54,55. To assess
whether the phasic pupil-linked arousal modulations of strategic decision
bias were related to alterations in evidence accumulation, a stimulus-coded
DDMwas fitted to choice behavior data56. Although evidence accumulation
processes are often studied using slow-paced experiments with long sti-
mulus durations that encourage participants to accumulate evidence (e.g.,
random dot motion kinematogram task with >1 s of stimulation57), beha-
vioral andneuralmarkers of evidence accumulationhave alsobeenobserved
during taskswith stimulusdurations~200ms (as in the current experiment)
and even as short as 30ms23,33,58–61.

To assess whether participants engaged in decision processes compa-
tible with evidence accumulation—rather than using different decision
strategies (e.g., extrema detection62)—we first inspected the centroparietal
positivity component (CPP) as a neural marker commonly associated with
unsigned evidence accumulation63,64 (but see Discussion). Three features of
the CPP were consistent with an accumulation-like process during the
detection task (Fig. 3A–D). First, the response-locked CPP displayed a
gradual build-up in amplitude that peaked around the time of the response.
Second, the slope of the response-locked CPP was significantly increased in
the 200ms preceding the behavioral response for fast versus slow RT trials
(median split; t(27) = 3.53, p = 0.002, d = 0.47, BF01 = 0.04). Third, CPP
slope was increased for target present versus target absent trials
(F(1,27) = 20.15, η2p = 0.43, p < 0.001, BF01 = 0.83) and for correct
versus incorrect trials (F(1,27) = 72.33,η2p = 0.73, p < 0.001, BF01 = 5.82e−13),
but was not different for “yes” versus “no” responses (F(1,27) = 2.38,
η2p = 0.08, p = 0.13, BF01 = 1.18). These neural patterns indicated that
the task elicited decision-related build-up dynamics compatible
with sequential-sampling models, thereby affording the following DDM
analysis.

The DDM was stimulus-coded, meaning that the upper and lower
decision thresholds respectively reflected the two response options, “yes” vs.
“no”. This subclass of DDMs explains biased decision-making through
changes in the starting point of the accumulation process (closer or further
away from a specific decision boundary), a linear offset in drift rate
(increased or decreased towards a specific decision boundary) referred to as
drift criterion, or a combination of these effects (Fig. 3E, see also refs.
18,45,56). Although both parameters can induce a shift in the overall pro-
portion of “yes” vs. “no” responses, they can be discerned on the basis of RT
distributions for both responses56. To increase robustness, the model was
implemented in a hierarchical Bayesian manner via the HDDM Python
package65. Drift rate (v), non-decision time (t0), decision boundary
separation (a), starting point (z) and drift criterion (vbias) were included as
latent parameters in the model and were all allowed to fluctuate with
behavioral task phasic pupil bin, and their interaction. Finally, inter-trial
drift rate variability was included in the model to enhance the model fit.
Simulated data from this model fitted the empirical data well (Supple-
mentary Fig. 6).

As expected based on earlier work45, drift criterionwas lower under the
conservative task compared to the liberal task (pd > 0.999, μ =−0.15,
σ = 0.04, CI95% = [−0.23, −0.08]; 3F—upper left panel). This shows that
strategic decision bias related to an increased rate of evidence accumulation
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towards the decision bound of the preferred response. In contrast, phasic
pupil bin was neither related to drift criterion overall (pd = 0.54, μ = 0.00,
σ = 0.01, CI95% = [−0.02, 0.02]; Fig. 3F—upper middle panel), nor to the
effect of behavioral task on drift criterion (pd = 0.80, μ =−0.01, σ = 0.01,
CI95% = [−0.03, 0.01]; Fig. 3F—upper right panel). The starting point of
evidence accumulation was not affected by task (pd = 0.72, μ = 0.00,
σ = 0.01, CI95% = [−0.01, 0.01]; Fig. 3F—lower left panel) and did not relate
to phasic pupil bin (pd = 0.90 μ = 0.001, σ = 0.001, CI95% = [−0.001, 0.004];
Fig. 3F—lower middle panel). Crucially, however, there was a significant
interaction between task and phasic pupil bin in terms of accumulation
starting point (pd > 0.999, μ = 0.004, σ = 0.001, CI95% = [0.002, 0.006];
Fig. 3F—lower right panel). To further illustrate these effects, Fig. 3G shows
reconstructed estimates for drift criterion (top row) and starting point
(bottom row) for each task and across phasic pupil bins.As can be seen from
the converging lines, starting-point bias is minimized on trials with strong
phasic pupil-linked arousal. Posterior distributions for allmodel parameters
(including v, t0, a) and experimental conditions (phasic pupil bin x task) are
shown in Supplementary Fig. 7.

To summarize, the behavioral task (error type punishment) biased
the rate of evidence accumulation towards the decision bound of the
preferred response, but this effect was notmodulated by phasic pupil-linked
arousal. Moreover, neither the task nor phasic pupil-linked arousal

exerted a main effect on the starting point of the accumulation
process. Critically, the crossover interaction effect revealed that high
phasic pupil-linked arousal transiently reduced starting-point bias, sug-
gesting that it mitigates task-induced biases in the initial stages of decision
formation.

Preparatory low-frequency activity overmotor cortex underlying
strategic bias shifts is negatively correlated with phasic pupil-
linked arousal
Because theCPP is unsignedwith respect to the behavioral response, it is not
well-suited for investigating response-selective modulations by the beha-
vioral task and phasic pupil responses. For that purpose, we turned to
response-selective preparatory neural signals, which can be measured as
lateralized activity overmotor cortex in the delta-band (1 Hz to 4Hz), theta-
band (4Hz to 8 Hz), and beta-band ( ~ 18Hz to 30Hz) ranges66–72. The
difference between signal strengthover the leftmotor cortex (related to “yes”
responsesmadewith the right hand) and rightmotor cortex (related to “no”
responses made with the left hand) thus reflects a neural measure of
response preparation (Fig. 4A). In the following section, lateralized activity
overmotor cortex is inspected to investigate if and how preparatory activity
over motor cortex correlated with task, phasic pupil responses, and their
interaction.

Fig. 3 | Strategic decision bias related to computational indices of biased evidence
accumulation that are modulated by phasic pupil-linked arousal.
A–D Centroparietal positivity component reveals evidence accumulation during
decision-making. A Centroparietal ROI used to calculate the response-locked CPP.
B Response-locked CPP for fast versus slow RT trials (median-split) and C for hits,
correct rejections, misses, and false alarms. The gray area indicates the temporal
window used to calculate the CPP slope. D Average CPP slopes in the 200 ms
preceding the onset of the behavioral response for fast trials, slow trials, hits (H),
correct rejections (CR), misses (M), and false alarms (FA). E Schematic repre-
sentation of the origins of decision biases in the DDM. Decision bias can be brought

about by changing the starting point of the accumulation process (z, in green) or
adding an evidence-independent constant (drift criterion, vbias, in purple) to the drift
rate. F Posterior distributions of the effects of (from left to right) the behavioral task,
phasic pupil bin, and their interaction on parameters underlying biased decisions.
Top row: effects on drift criterion. Bottom row: effects on the starting point. Hor-
izontal line on the bottom of the plot demarks the CI95%.GTop panel: reconstructed
drift criterion values for each task (liberal task in blue, conservative task in red) and
phasic pupil bin. Depicted values were calculated from the group-level posterior
means of the model intercept and regressor weights. Bottom panel: similar to above,
but for the starting point.
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To obtain response-selective neural signals that were unaffected by
spillover effects from the previous response on the current trial, trial counts
of stimulus-locked and response-locked EEG epochs were first balanced
with regard to the behavioral response on theprevious trial,within each task.
Note that regressingout theprevious response from time-domainEEGdata,
instead of balancing trial counts, did not affect the results (Supplementary
Fig. 8). Next, EEGdata were averaged in a similar fashion as the pupil traces
in Fig. 2 to extract neural signals specifically related to the behavioral
response, not contaminated by stimulus information or choice accuracy.
Additionally, epochs were grouped and averaged within each phasic pupil
bin. This binning procedure was performed within each drug session, task,
and block of the task to exclude the possibility that certain pupil bins con-
tained more/less trials from a specific drug condition (e.g., ATX increased
pupil size). An identical approach was used in earlier work from our
group21,23,51. These averaged data were then decomposed into time-
frequency (TF) power (see Methods). Lateralized activity was obtained by
extracting TF power from two symmetrical, unilateral spatial regions of
interest (ROIs; left hemisphere: C3 andCP3, right hemisphere: C4 andCP4;
Fig. 4A) and then calculating a lateralization index (see Methods). This
lateralization index could take values between−1 and 1, with positive values
reflecting stronger power over the left motor cortex (coding for “yes”
responses made with the right hand) and vice versa for negative values.
Lateralized TF power was obtained for neural data locked to the onset of the
stimulus as well as to the behavioral response.

The effects of the behavioral response, task, and phasic pupil bin were
tested on lateralized neural TF power with cluster-corrected 2x2x5 rmA-
NOVAs (10,000 permutations). In line with previous work66,67 the
upcoming behavioral response was indeed reflected in lateralized activity

over motor cortex in the beta-band (beta-band cluster: p < 0.001, 15 Hz to
31Hz, −281ms to 0ms, response-locked; Fig. 4B—left panel) and delta/
theta-band (delta/theta-band cluster: p < 0.001, 1 Hz to 10Hz, −188ms to
0ms, response-locked; Fig. 4B—left panel). The upcoming behavioral
response was also reflected in lateralized low-frequency power before sti-
mulus onset (p = 0.02, 1 Hz to 4 Hz, −750ms to −336ms; Fig. 4B—left
panel). The behavioral task robustly modulated lateralized activity over
motor cortex before stimulus onset (p < 0.001, 1 Hz to 7Hz, −750ms to
203ms, stimulus-locked) and this effect lasted until 281ms preceding the
behavioral response (p = 0.01, 1 Hz to4Hz,−750ms to−281ms, response-
locked; Fig. 4B—middle panel). Crucially, the prestimulus effect of the
behavioral task on preparatory lateralized activity was modulated by phasic
pupil bin (task x phasic pupil bin interaction; p = 0.02, 1 Hz to 6 Hz,
−633ms to −258ms, stimulus-locked; Fig. 4B—right panel). No other
clusters survived threshold-correction.

To elucidate the direction of these effects, lateralized power from the
beta-band (15 Hz to 25Hz) and delta-band (1 Hz to 4 Hz) is shown in
Fig. 4C, D for each task and behavioral response. In line with earlier work67,
beta-band activity was decreased over contralateral motor cortex for each
response (e.g., negative lateralization index for “yes” responses; Fig. 4C). In
contrast, delta-band activity was increased over contralateral motor cortex
for each response (Fig. 4D).The liberal taskwas furthermore associatedwith
more positive lateralized delta-band activity before stimulus onset, corre-
sponding to enhanced neural activity for “yes” decisions, and vice versa for
the conservative task (Fig. 4D). This effect thus reveals prestimulus pre-
paratory delta-band activity over motor cortex corresponding to the pre-
ferred behavioral response. Crucially, the interaction effect between
behavioral task and phasic pupil bin on lateralized low-frequency power

Fig. 4 | Lateralized low-frequency activity over motor cortex tracks strategic
decision bias and scales with phasic pupil-linked arousal. A Two symmetrical
spatial ROIs over the motor cortex were used to calculate lateralized TF power. As
responses were always given with the same hand, activity over the left motor cortex
was always associated with “yes” responses and activity over the right motor cortex
was always associated with “no” responses. B Effects of (from left to right) the
behavioral response, task, and the interaction effect between phasic pupil bin and
task on lateralized activity overmotor cortex. Figures show F-statistic obtained from
a cluster-corrected 2 × 2 × 5 (task x response x phasic pupil bin) rmANOVA across

the TF spectrum. Clusters that survived thresholding (p < 0.05) are demarked in
black. C Stimulus-locked and response-locked lateralized activity in the beta-band
(15–25 Hz) for each task and behavioral response. D The same as (C), but for
lateralized delta-band (1 Hz to 4 Hz) activity. Before stimulus onset, the liberal task
was clearly associated with stronger delta-band activity related to “yes” responses as
compared to the conservative task. E Lateralized activity from the task x phasic pupil
bin interaction cluster (B) for each task and phasic pupil bin. Error bars
indicate SEM.
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over motor cortex reveals that the effect of behavioral task on prestimulus
lateralization became smaller with increased phasic pupil responses
(Fig. 4E),mirroring the interactionbetween task andphasicpupil in termsof
SDT criterion (Fig. 2G).

Both beta-band and delta-band lateralized activity did not, however,
reflect evidence accumulation in the current dataset, because the slopes of
both signalswere not different for fast versus slowdecisions (Supplementary
Fig. 9). Lateralized delta-band, but not beta-band, activity did reveal delayed
stimulus-locked peak latencies as well as decreased response-locked peak
amplitudes for slow versus fast trials, suggesting that delta-band lateraliza-
tion reflected motor preparation or decision urgency signaling73–76.

Thus, adopting amore liberal or conservative decision criterion results
in changes in preparatory prestimulus lateralized activity overmotor cortex
that is in line with the preferred behavioral response. This preparatory
neural activitywasweakest on trials with strong phasic pupil-linked arousal,
in linewith thenegative correlationbetweenphasicpupil-linked arousal and
strategic decision bias.

Drug and tonic pupil-linked arousal do notmodulate task effects
on preparatory motor cortex activity
To explore the effects of drug condition and tonic pupil bin on preparatory
signals over motor cortex, lateralized power over motor cortex was calcu-
lated in a similar fashion as above, but instead of extracting these signals
withinphasicpupil bin, theywereobtainedperdrug conditionor tonicpupil
bin (5 bins, similar binning procedure as above). Next, cluster-corrected
rmANOVA were performed separately for ATX versus PLC, DNP versus
PLC, and forfive tonic pupil bins. No clusters for amain effect of tonic pupil
bin or an interaction between tonic pupil bin and task survived thresholding
(all clusters p > 0.34). Following a similar approach to test whether drug
condition affected lateralized activity over motor cortex also revealed no
clusters in which there was amain effect of drug condition or an interaction
effect between drug condition and task (ATX: all clusters p > 0.51; DNP: all
clusters p > 0.38). Thus, contrary to phasic neuromodulatory responses,
pharmacologically induced and spontaneous increases in tonic

neuromodulator activity did not modulate the effect of strategic decision
biases on preparatory activity over motor cortex.

Strategic shifts in decision bias showno reliable associationwith
prestimulus frontal theta, occipital alpha, and biases in sensory
processing
In a previous study in which aversive tones were presented to induce stra-
tegic decision biases in a visual detection task, the liberal task (vs. con-
servative task) was associatedwith increased prestimulus frontal theta-band
power (2Hz–6Hz), reduced prestimulus occipital alpha-band power
(8Hz–12Hz), and a weak increase in stimulus-locked occipital gamma-
band power (59Hz–100Hz), suggesting that strategic biases may already
arise at the earliest stages of sensory processing45. To test whether we could
replicate these findings, we performed two sets of analyses: a spectral power
analysis on prestimulus (−500ms–0ms) activity and a time-resolved
multivariate decoding analysis on stimulus-locked activity. Prestimulus
power was calculated within pre-defined frontal and occipital electrode
clusters based on Kloosterman et al. (2019) and then tested using a
hypothesis-driven (with respect to frequency) paired sample t test between
tasks, as well as a hypothesis-free (with respect to frequency) cluster-
corrected permutation test. We observed no task effects on frontal theta-
band and occipital alpha-band activity (Supplementary Fig. 10).

Next, we trained a linear discriminant classifier (LDA) to distinguish
Gabor stimuli from noise on EEG data obtained from an independent task
performed by the participants (localizer task; seeMethods, Fig. 5A). During
the localizer, participants indicated offsets in the orientation, not the pre-
sence, of Gabor patches. Therefore, we could disentangle patterns of neural
activity underlying the processing of the Gabor stimulus, independent of
neural patterns related to response preparation and execution. The classifier
was trained on each timepoint and tested across all other timepoints to
investigate how patterns of activity underlying Gabor detection generalized
over time77. A 10-fold within-localizer decoding procedure revealed that
stimulus presence could be decoded from the localizer task with high
accuracy (p < 0.001, training time: 16ms–750ms, testing time:

Fig. 5 | Strategic shifts in decision bias alter the precision, but not bias, of sensory
representations in neural activity. A Schematic of the localizer task. Participants
reported whether Gabor stimuli were presented closer to the horizontal or vertical
axis; thus, responses and stimulus presence were orthogonal.BWithin-localizer task
10-fold stimulus presence decoding (area under the curve, AUC). Squares demarked
in dashed black lines indicate the temporal ROIs used for the reconstruction of
spatial activity patterns. C Reconstructed activity patterns of the localizer task on

early (150 ms–300 ms) and later timepoints (325–550 ms).D Left panel: classifier d’
averaged across tasks. The classifier was able to decode stimulus presence above
chance level (d’ > 0). Right panel: Classifier d’ was increased under the conservative
versus liberal task. E Left panel: classifier criterion averaged tasks. Across tasks, the
classifier had a conservative decision bias, i.e., it was biased towards classifying trials
as containing a noise stimulus. Right panel: Classifier criterion was not modulated
by task.
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23ms–750ms, maximal cluster AUC= 0.87, mean cluster AUC= 0.62;
Fig. 5B).

We then verified whether Gabor presence could be cross-decoded by
training the classifier on data from the localizer task and testing it on data
from the detection task. For every trial of the detection task, we obtained a
classifier response (“yes” or “no”), which we could match to objective sti-
mulus presence to obtain classifier hits, false alarms, misses, and correct
rejections. This facilitated calculating classifier sensitivity (d’) and bias (cri-
terion). These measures were then compared between the liberal and con-
servative tasks to investigate if sensory processing was altered. Across tasks,
the classifier was able to predict stimulus presence above chance, indicated by
d’ > 0 (p < 0.001, training time: 117ms to 750ms, testing time: 227ms to
750ms, maximal cluster d’ = 0.33, mean cluster d’ = 0.12; Fig. 5D). In line
with the behavioral results (d’ task effects, Fig. 1D), classifier d’was increased
for the conservative vs. liberal task condition (p= 0.002, training time:
328ms to 570ms, testing time: 453ms to 641ms, maximal cluster d’= 0.10,
mean cluster d’= 0.06; Fig. 5D). The classifier had a strong conservative bias
for classifying neural signals as reflecting noise, indicated by criterion > 0
(p < 0.001, training time: 47ms to 750ms, testing time: 0–748ms, maximal
cluster criterion = 1.19, mean cluster criterion = 0.48; Fig. 5E). Crucially,
however, we observed no condition difference when comparing classifier
criterion between the conservative and liberal tasks (all clusters: p > 0.59;
Fig. 5E). This suggests that task effects on decision bias were likely not related
to alterations in sensory processing in the current dataset.

Taken together, these analyses provide no evidence that strategic shifts
in decision bias were accompanied by changes in prestimulus frontal theta
or occipital alpha power, nor by alterations in sensory processing as assessed
with cross-decoding. These results contrast with earlier findings45. We
speculate on possible explanations for these differences in the Discussion.

Discussion
This study set out to uncover the computational and neural mechanisms by
which phasic and tonic arousal govern decision bias. To this end, we
combined experimental manipulations of decision bias with correlational
measures of pupil-linked arousal and pharmacological interventions to
increase tonic levels of the two primary neuromodulator systems that
control arousal (catecholamines, acetylcholine).

Replicating earlier work45,78, non-monetary punishments, following
either misses or false alarms, induced robust strategic shifts in decision bias
(Fig. 1D). Tonic (baseline) pupil sizemeasurements showed no relationship
with task-induced changes in strategic decision bias. Furthermore, although
increased catecholaminergic drive (ATX) elevated physiological measures
of arousal and cholinergic drive (DNP) did not, neither manipulation
influenced strategic decision bias (Fig. 1B–D). Tonic pupil-linked arousal
was negatively correlated to inherent decision bias, showing that decision-
making becomes more liberal in high tonic arousal states, independent of
task context (Fig. 2B–D). The pharmacological interventions revealed a
trend in the same direction (Fig. 1D).

In sharp contrast, and in line with earlier work18,25,26,28–30, phasic pupil-
linked arousal predicted a reduction of strategic decision bias: unpreferred
responses, e.g., “yes” in the conservative condition, were associated with the
largest phasic pupil dilations (Fig. 2E). Neural and computational analyses
further revealed that task effects on preparatory activity over motor cortex,
resembling a starting-point bias, were smallest on trials with high phasic
pupil-linked arousal (Figs. 4E and 6C). Stimulus processing was not biased
towards the preferred stimulus category following strategic shifts in decision
bias (Fig. 5). Together, these findings demonstrate that phasic and tonic
pupil-linked arousal differentially shape human decision-making: tonic
pupil-linked arousal covaries with context-independent inherent decision
bias, whereas phasic arousal relates to reduced task-induced strategic bias
linked to preparatory decision processes.

A growing body of research suggests that tonic pupil-linked arousal
follows a non-monotonic, inverted-U type relation with perceptual
sensitivity17,21,22,24,31,51,79–82, whereas phasic arousal exhibits a linear negative
correlation with decision bias18,25–30. Most causal evidence supporting this

distinction comes from animal studies focusing on the twomost prominent
neuromodulatory systems that contribute to arousal: the noradrenergic LC
and cholinergic basal forebrain (BaF). For example, in rats, sensory-evoked
responses in the thalamus are strongest at intermediate levels of tonic
electrical stimulation of LC, and responsemagnitudes taper off at the upper
and lower extremes of LC stimulation79. Conversely, in mice, phasic opto-
genetic stimulation of BaF neurons results in both increased hit and false
alarm rates of visual stimulus detection, whereas optogenetic inhibition of
these neurons has the opposite effect, implicating phasic BaF activity in
regulating decision bias83.

However, the precise neural mechanisms underlying the distinct
functional roles of tonic and task-evoked arousal on behavior are still being
explored. We recently hypothesized that the inverted-U relation between
tonic (pupil-linked) arousal and perceptual sensitivity may be (in part)
related to modulations of interneuron chains in cortical microcircuits21,51,
possibly shaping the excitability of sensory systems84, which may also be
reflected in prestimulus oscillatory power in the alpha-band ( ~ 8hz to
12Hz)85. Consequently, tonic arousal may enhance internal responses to
both noise and target stimuli, inducing a more liberal decision criterion. In
contrast, phasic arousal has been linked to rapid behavioral adjustments in
the face of uncertainty or violated predictions, through a reset of cortical
network dynamics and the promotion of bottom-up sensory processing
over top-down influences34–37,86–89. The negative correlation between trial-
by-trial variations in phasic pupil-linked arousal and strategic decision bias
reported here is broadly consistent with these theoretical accounts. How-
ever, because our design did not explicitly manipulate predictions or
uncertainty, it remains difficult to directly attribute the observed variability
in phasic pupil-linked arousal to prediction-related processes. Although the
observed effects of phasic arousal may have been partially driven by local
stimulus patterns that occur by chance in pseudorandomized tasks (driving
the formation of short-term predictions90), future work should test this
hypothesis with designs optimized to probe such predictive mechanisms.

The computational and neural underpinnings of the relation between
phasic arousal and decision bias may vary under different experimental
conditions. For example, in an auditory yes/no detection task where target
stimulus probability was systematically varied between 30%, 50%, and 70%
across blocks to manipulate decision bias, phasic pupil-linked arousal cor-
relatedwith drift criterion in all cases andwith starting point only in the rare
(30%) and frequent (70%) blocks26. Moreover, phasic pupil-linked arousal
only correlated with drift criterion, and not with starting point, in a yes/no
recognition task26. These divergentfindingsmay indicate that phasic arousal
differentially modulates various computational components underlying
decision formation depending on task-context (drift criterion versus start-
ing point), but they could alternatively reflect characteristics of the applied
computational models. Specifically, DDMs distinguish effects on drift cri-
terion and starting point based on the shape of RT distributions: starting
point effects are reflected in both fast and slow RTs, whereas drift criterion
effects manifest primarily in slow RTs56. This means that drift criterion
effects depend on systematic variance in the tail of the RT distribution that
can be explained by a covariate, e.g., phasic pupil-linked arousal. As RT
duration was less restricted in De Gee et al. (2020) (in yes/no detection
participants had 2500ms to respond, and in yes/no recognition even
7500ms from stimulus onset) compared to the current experiment
(1400ms from stimulus onset), RT distributions had wider tails, potentially
facilitating the detection of drift criterion effects over starting point effects.

A complementary approach is to analyze neural data or using neurally
informed computational models of choice behavior73. Here, EEG recordings
with high temporal resolution revealed a relation between phasic pupil-
linked arousal and prestimulus preparatory activity over motor cortex,
consistent with a pre-accumulation starting point modulation (Fig. 4).
However, the interpretation of EEG components as signatures of decision-
related processes remains debated. Recent work using a deconvolution
analysis suggests that the CPP may not solely reflect evidence accumulation,
but instead comprises multiple overlapping sources, including stimulus-
evoked activity91. In turn, others have argued that this deconvolution
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approach is problematic and may obscure genuine accumulation-related
activity92. Although the observed CPP signatures are consistent with
evidence accumulation, they are not uniquely diagnostic and may reflect
component overlap. Overall, our results thus provide a deeper understanding
of the relation between decision bias and phasic pupil-linked arousal, but
future work is needed to delineate the conditions under which phasic arousal
affects evidence accumulation, pre-accumulationmotor preparation, or both.

Phasic pupil-linked arousal negatively correlatedwith the task effect on
preparatory lateralized low-frequency ( < 7Hz) activity over motor cortex
(Fig. 4E). Previous research has shown that motor cortex intrinsically
oscillates in both the delta-band (1 Hz to 4 Hz) and beta-band ( ~ 12Hz to
30Hz)93 and that lateralized activity in these frequency bands predicts the
upcomingmotor response67,72,94. The specificmechanisms captured by these
oscillatory measures are still being explored, but it has been hypothesized
that delta-band oscillations are entrained to predictable task-relevant events
and consequently modulate the amplitude of beta-band oscillations around
these task-relevant events95. Moreover, expectations about the upcoming
stimulus (and associated motor response) are reflected in prestimulus
lateralized activity between 8Hz to 30Hz66 (note that frequencies <5Hz
were not analyzed in this study). These findings suggest that oscillatory
activity in motor cortex is related to the anticipation of specific movements
and their precise timing. The robustmodulation of prestimulus activity over
motor cortex by the task observed in the current study is in line with this
idea, as the motor system may anticipate making more “yes” versus “no”
decisions when missed targets are punished.

Previous work, using a similar manipulation of strategic decision bias
during a visual detection task, revealed that strategic shifts in decision bias
were accompanied by prestimulus changes in frontal theta and occipital
alpha power, as well as alterations in stimulus-evoked occipital gamma
power suggestive of biased sensory processing45. We did not observe these
neural patterns in our data (Fig. 5). This discrepancy may be related to
several methodological differences between our study and Kloosterman et al.
(2019). First, in Kloosterman et al. (2019), participants only reported the
presence and not the absence of visual target stimuli. Consequently, parti-
cipants in that study may have used a different strategy to implement cri-
terion shifts as compared to ours. Indeed, participants also exhibited more
conservative choice behavior averaged across tasks in their study (average c
was ~0.30 in Kloosterman et al. (2019) versus ~0.03 in our study). Second,
the used stimuli were different. We presented Gabor patches embedded in
dynamic visual noise on 50% of all trials, and neither trial start nor stimulus
onset was cued. In contrast, Kloosterman et al. (2019) presented orthogonal
orientation-defined squares (‘figure-ground stimuli’) on 75% of all trials in a
continuous rapid serial visual presentation, with preceding and subsequent
masking stimuli being presented at 25Hz. Target stimulus onset was also
not cued, but it could occur at different moments in the visual stream,
hampering the anticipation of exact stimulus presentation and response
preparation. This difference in temporal structure may have shifted neural
mechanisms from frontal control over sensory excitability, as observed in
Kloosterman et al., towards prestimulus response preparation in our study.
Furthermore, they used monetary penalties in addition to the aversive tones,
and this motivational context may have amplified strategic shifts in decision
bias in their study (task effect on c was ~0.80 in Kloosterman et al. versus
~0.28 in our study). Finally, the window over which we could compute the
prestimulus power in our study was smaller than that in Kloosterman et al.
due to task design differences (500ms vs 1000ms). Taken together, the
divergent neural signatures accompanying strategic shifts in decision bias in
the two studies may be due to differences in behavioral task demands, task
structure, stimulus characteristics, motivational context, or effect size.

The directionality of the relation between phasic-pupil-linked arousal
and strategic decision bias, motor cortex lateralization, and starting-point
bias is hard to establish (e.g., pupillary effects preceded neural effects). First,
all pupillary analyses were correlational, preventing conclusions about
causality. Second, the pupillary response is relatively slow, almost akin to
fMRI-BOLD responses52,96, whichmakes it challenging to precisely align the
timing of pupil-linked arousal with rapid changes in decision-related neural

activity.Our current data, therefore, donot allowus to distinguishbetweena
scenario in which pupil-linked phasic arousal minimizes strategic shifts in
starting-point bias and one in which overcoming task-induced starting-
point bias triggers phasic arousal. To causally establish whether trial-to-trial
variations in phasic pupil-linked arousal or neuromodulator activity affect
computational and neural markers of (strategic) decision bias, causal
interventions with a relatively high temporal resolution are necessary.
Recent examples of such manipulations include (transcutaneous) vagus
nerve stimulation53,97–99 and the presentation of arousing task-irrelevant
stimuli28,100. Future applications of suchmethodsmay be required for firmly
establishing the role of phasic arousal in decision bias.

Administration of 5mg DNP did not produce any statistically robust
physiological, behavioral, and neural effects. This is in line with our
observations from two previous studies performed in the same group of
participants23,33. It is difficult to retrospectively ascertain whether this
absence of effectswas due to anon-existent role for the cholinergic system in
visual detection or was due to pharmacological properties such as the used
dosage.However, there is a growingbodyofwork suggesting that 5mgDNP
may mostly shape cortical activity at rest101–103. For example, this dosage of
DNP minimizes the spread of visually evoked activity over visual regions
when passively viewing flickering stimuli103 and reduces cortex-wide inter-
regional functional connectivity during resting-state measurements but not
during an active task101. Pfeffer et al. (2018) further speculated that the
absence of DNP effects during behavioral tasks may be related to the fact
that the cholinergic system mostly operates through phasic transients (by
e.g., modulating neural gain), rather than through long-lasting tonic effects.
This would be in line with a recent reconceptualization of the forebrain
cholinergic system, which claimed that likely all behaviorally relevant
cholinergic signaling is phasic in nature104. One way to establish the role of
either tonic or phasic cholinergic activity in the regulation of decision biases
might be to antagonize the cholinergic system (with e.g., scopolamine or
bupropion). For example, cholinergic antagonization might cause a wea-
kened relation between phasic pupil-linked arousal and strategic decision
biases, which would imply a role for phasic cholinergic signaling in shaping
strategic decision bias.

In contrast to the absence of effects of ATX on d’ in the current study
(Fig. 1D), ATXwas previously shown to significantly increase d’ during two
visual discrimination tasks in the same group of participants23,33. This
intriguing differentiation seems in line with two previous studies. First,
reboxetine, a catecholaminergic agonist, increased d’ during a discrimina-
tion task in the absence of effects during a detection task32 (note that
antagonizing noradrenaline did decrease d’). Second, during drowsiness (a
low-arousal state), the slope of psychometric curves decreased more
strongly for discrimination than for detection tasks105. Thus, both studies
suggest that the effect of neuromodulation on d’ differs between dis-
crimination and detection tasks. It is, to our knowledge, unknown what
drives this difference. Speculatively, the effects of ATXon d’may depend on
signal strength,which is known tobe increased fordetection tasks compared
to discrimination tasks when behavioral performance is matched106,107.
Indeed, the titrated Gabor contrast values of the current study were sig-
nificantly higher than the discrimination contrasts used in Nuiten et al.
(2024) (detection=0.037, discrimination=0.029; t(27) = 8.13, p < .001,
d = 1.21, BF01 = 7.55e–7), in the absenceof a significant difference in decision
accuracy (detection=77.37% ±6.56%, discrimination=76.05% ±7.33%;
t(27) = 0.81,p = 0.43,d = 0.19,BF01 = 3.70).Note, however, that recentwork
from our lab has demonstrated that the relation between tonic pupil-linked
arousal andd’ is non-monotonic for bothdiscrimination tasks anddetection
tasks21,51. Thus, arousal seems to modulate d’ in both detection and dis-
crimination, but perhaps the magnitude of this modulation may differ due
to differences in, for instance, signal strength.

Methods
Participants
This study was part of a larger project including several study parts, some of
which have been reported previously23,33. The current set of analyses has not
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been published yet, although this data set has been part of a previous
publication focusing on a different research question21. For this project, 30
healthy male participants (aged 18–30) were recruited from the online
research environment of the University of Amsterdam. Participants
underwent extensive screening, consisting of physiological measures (BMI,
heart rate, and blood pressure), an electrocardiogram (ECG), and a psy-
chiatric questionnaire to assess mental health. Participants were only
included in the study following approval of the screening data by our study-
associated physician. Written informed consent was obtained from all
participants during the intake session following explanation of the experi-
mental protocol, but preceding the screening procedure. Participants were
not taking any psychotropic medication (other than the study medication)
at the time of the study. Two participants decided to withdraw from the
experiment after having performed the first experimental session. The data
from these participants were not included in this work, resulting in N = 28.
This study was approved by the Medical Ethical Committee of the
AmsterdamUniversityMedicalCenter and the local ethics committee of the
University of Amsterdam. All ethical regulations relevant to human
research participants were followed. Participants received monetary com-
pensation for participation in this study.

Pharmacology and administration protocol
The study used a within-subject, randomized, double-blind crossover
design. Atomoxetine (40mg; ATX), donepezil (5 mg; DNP) and placebo
were administered orally in separate experimental sessions, separated by a
minimum of 7 days to allow for washout. The order of drug administration
was counterbalanced between participants. Experimental days started at
09:00 and ended at 16:00. ATX is a relatively selective noradrenaline
reuptake inhibitor, which increases noradrenaline and dopamine levels in
the synaptic cleft108. The half-life of ATX varies between 4.5–19 hours and
peak plasma levels are reached ~2 hours after administration. Donepezil is a
cholinesterase inhibitor, which increases acetylcholine levels in the synaptic
cleft. The elimination half-life of donepezil is 70 hours and peak plasma
levels (Tmax) are reached after ~4 hours109. Given the different durations
after which DNP ( ~ 4 h) and ATX ( ~ 2 hours) reach peak plasma level in
the blood, these pharmaceuticals were administered at different times prior
to the onset of the behavioral tasks (DNP 4 hours before onset experiment,
ATX 2 hours before onset experiment; Fig. 1A). To ensure the blinding of
pharmacological condition, participants were administered two identical
looking-pills each experimental session. Thefirst pill (containing either PLC
or DNP) was administered 4 hours before the onset of the behavioral task,
and the second pill (containing either PLC or ATX) was administered
2 hours before the onset of the behavioral task. Thus, the drug adminis-
tration schemes were as follows: ATX session (pill 1 = PLC, pill 2 = ATX),
DNP session (pill 1 =DNP, pill 2 = PLC), PLC session (pill 1 = PLC, pill
2 = PLC).This administration schemeensured that bothATXandDNPhad
reached peak plasma levels at the onset of the behavioral experiments, while
participants remained blind to the specific drug condition of that session.

Physiologicalmeasurements were taken at threemoments during each
session: immediately before intake of the first drug, before onset of the first
behavioral experiment (+ 4 hours), and at the end of each experimental
session (+ 7 hours). Physiological measurements included heart rate and
blood pressure. Additionally, participants indicated their subjective arousal
levels by filling in a visual analog scale110. Tonic pupil size was assessed only
once during each session, directly before the onset of the first experiment.
Participants were presented with consecutive bright and dark screens (15 s
each), and their minimal and maximal pupil size were quantified as the
average pupil size during the final 5 s of the bright and dark monitor,
respectively.

Experimental setting
An EEG apparatus was connected 30minutes prior to the onset of the
behavioral tasks. In total, participants performed five different computer-
ized tasks while EEG measurements were made. The order of these beha-
vioral tasks was counterbalanced between participants andmaintained over

sessions. Participants were seated in a darkened, sound-isolated room,
80 cm from a 69x39cm screen (frequency: 60 Hz, resolution: 1920 × 1080).
The main task and staircase procedure were programmed in Python 2.7
using PsychoPy111 and in-house scripts.

Gabor detection paradigm
Participants performed a visual detection task for which they had to report
the presence of Gabor stimuli (radius 8.5°, spatial frequency 1.365 cycles/
degree) that were presented on top of circular patches containing dynamic
noise (radius 9.5°) for 200ms (Fig. 1B). Gabor stimuli were presented on
50% of all trials and noise patches were always presented. So, in 50% of all
trials, only noise was presented for 200ms and in the other 50%, both noise
and a Gabor were presented for 200ms. Trial onset was not cued. Gabor
stimuli could be oriented clockwise (CW, 45°) or counterclockwise (CCW,
−45°) andorientation countswere equally distributed at 50%.Visual stimuli
were presented on a static gray background. The centrally presented black
circular fixationmark was visible throughout the experiment. Target absent
answers were given by pressing the ‘S’ key on a keyboard with the left hand,
target present answerswere givenbypressing the ‘K’keywith the right hand.
Task difficulty (i.e., Gabor stimulus opacity) was determined for every
participant during the intake session and was then fixed over all experi-
mental sessions (see “staircasing procedure”). The response window started
concurrently with stimulus presentation and lasted 1400ms. If participants
did not respond during this window, they would receive visual feedback
informing them of their slow response (in Dutch: “te laat”, which translates
into: “too late”). A variable inter-trial interval (ITI) of (250ms–350ms,
drawn fromauniformdistribution) started directly after a response or at the
end of the response-window.

Participants performed 960 trials of this task, divided into four blocks
of 240 trials that were subdivided into mini-blocks of 80 trials. The bias
manipulation was implemented by providing auditory feedback to specific
typesof errors. Specifically, an aversive buzzer tone (durationof 400ms)was
played directly following either false alarm trials (reporting stimulus pre-
sence, whilst it was absent) or missed trials (reporting stimulus absence,
whilst it was present). Following each buzzer tone, an additional 500mswas
added to the ITI. These auditory feedback stimuli are referred to as pun-
ishments, although they were not related to any sort of punishment (e.g.,
monetary). Participants were not informed of the details of this manip-
ulation or the specific condition they were in at any moment, but were
instructed to minimize the number of buzzer tones. The aim of punishing
false alarms was to make participants more cautious in their response
strategy, inducing a conservative bias. Conversely, punishing missed target
stimuliwas expected to induce amore liberal bias. Biaswasmanipulated in a
block-wise fashion, i.e., the first two blocks contained the same bias
manipulation, and the final two contained the other manipulation. Task
order was counterbalanced between participants but fixed across sessions.

Gaze position was monitored online to ensure participants’ gaze
remained at or near fixation (within 1.5°, horizontal axis, see “Data acqui-
sition and preprocessing”). Trials onwhich fixation was lost, due to shifts in
gaze or blinks, in the time interval from stimulus onset to the end of the
response window, were marked as faulty. All faulty trials were appended as
new trials at the end of each block, ensuring that eventually 240 usable trials
were performed in eachof the four blocks.Anine-point calibrationwasused
at the start of each block. Tominimisemovement of the participant, a head-
mount with a chinrest was used. Throughout the experiment, participants
were instructed to move their heads as little as possible and to try to blink
after they made their response.

Staircasing procedure
Participants performed a staircasing procedure during their intake session.
After completing the staircasing procedure, task difficulty was fixed to be
able to compare the effects of the pharmacological manipulation across all
experimental sessions. The staircase taskwas almost identical to the primary
task: stimulus properties, presentation time and response window duration
were the same. The ITI was prolonged to 450ms–650ms. Participants

https://doi.org/10.1038/s42003-026-09776-8 Article

Communications Biology |           (2026) 9:553 11

www.nature.com/commsbio


received feedback on their performance on a trial-by-trial basis; the fixation
dot turned green for correct answers and red for incorrect answers. An
adaptation of the weighted up-down method was used to staircase perfor-
mance at 75% correct, by changing the opacity of the Gabor patch112. In
short, corrections after erroneous responses were weighted differently than
after correct responses, in a ratio of 3:1.The step-sizewas 0.01 (opacity scale:
0–1, 1 is fully opaque), thus after errors the opacity would be increased by
0.01 and after correct answers it would be decreased by 0.01/3. The proce-
dure was aborted after 50 behavioral reversals, i.e., changes in sequences
from correct to error or vice versa. The output difficulty of the staircase
procedure was calculated as the average opacity on reversal trials. In total,
participants performed two blocks of this staircase procedure. The first
block started at a high opacity (0.15), allowing the participants to familiarize
with the target stimulus. The second block started at the opacity obtained
from the first block.

Localizer task
The localizer was similar to the visual detection task in terms of stimulus
presentation times, response window duration, ITI, and stimulus char-
acteristics (e.g. Gabor frequency and phase). During the localizer task, we
centrally presented the samedynamic noise patches as during themain task.
In 2/3 of all trials, we additionally presented Gabor patches on full opacity
that could be oriented CW/CCW. The Gabor patches were slightly tilted by
2°, rendering them more vertical ( ± 43°) or more horizontal ( ± 47°) from
diagonal ( ± 45°). Participants were required to report the tilt of the Gabor
patches. Horizontally tilted stimuli were reported by pressing “S” on the
keyboard with the left-hand index finger, vertically tilted stimuli were
reported by pressing “K”with the right-hand indexfinger. If only a dynamic
noise patch was presented, participants were asked to refrain from
responding. In total, participants performed 840 trials, divided over two
blocks of 420. The eyetrackerwas calibratedprior to block onset. Each block
was subdivided into five mini-blocks of 84 trials each, allowing participants
to rest or close their eyes (while keeping their head in the head-mount).
Again, we excluded trials in which fixation was lost ( > 1.5° from fixation or
blink) and replaced these excluded trials to get to a total of 840 trials
per session.

Data acquisition and preprocessing
EEG-data were recorded with a 64-channel BioSemi apparatus (BioSemi
B.V., Amsterdam, The Netherlands), at 512Hz. Vertical eye-movements
were recorded with electrodes located above and below the left eye, hor-
izontal eye-movements were recorded with electrodes located at the outer
canthi of the left and the right eye. Gaze position and pupil size were
measured with an EyeLink 1000 (SR Research, Canada) eyetracker during
the experiment at 1000Hz. All analyses were performed in Python 3.7.

Pupil preprocessing
All pupil traces were low-pass filtered with a cutoff frequency of 10 Hz,
blinks were linearly interpolated, and effects of blinks and saccades on pupil
diameter were removed via deconvolution52. Then, pupil traces were nor-
malized as the percentage difference of the blockmedian within each block
of the experiment. Epochs were extracted by taking data from−2000ms to
4000ms locked to both the onset of the stimulus (stimulus-locked epochs)
and response (response-locked) epochs. Finally, pupil epochs were resam-
pled via decimation to 100Hz.

EEG preprocessing
The MNE Python package (version 0.24.0) was used for most of our EEG
analyses113. All EEG traces were re-referenced to the average of two elec-
trodes located on the left and right earlobes. The datawere high-passfiltered
offline, with a cutoff frequency of 0.01Hz.Next, bad channels were detected
automatically via a random sample consensus algorithm (RANSAC),
implemented in the Autoreject Python package114. This algorithm detects
noisy channels based on correlations between simulated data (derived from
data of a subset of epochs, averaged across channels) and the actual data of

EEG channels. Channels with a low correlation score weremarked as noisy,
removed, and subsequently interpolated via spline interpolation. Next,
epochs were created by taking data from−2000ms to 2000ms around the
onset of stimulus presentation. To remove eyeblink artifacts, an indepen-
dent component analysis (ICA; 25 components) was performed on the
epoched data and components that strongly correlated to vertical EOGdata
were removed. In the liberal task, on average 1.33 (s.d. ±0.52, maximum: 2)
components were rejected per file and in the conservative condition, on
average 1.27 (s.d. ±0.47, maximum: 3) components were rejected per file.
Remaining artifacts were automatically detected by using the same RAN-
SAC algorithm as before, but on epoched data. Bad segments were repaired
via interpolation if the artifactual data were present in only a few channels,
but if more channels were affected, the epoch was removed from the EEG
data. The automatic artifact rejection algorithm rejected on average 5.82%
(s.d. ±7.90, maximum: 50.10%) of all epochs in the liberal task and 5.70%
(s.d. ±5.89%, maximum: 26.53%) of all epochs were removed in the con-
servative task. Current scalp density (CSD) was computed as the surface
Laplacian to attenuate the effects of volume conductance. Finally, epoched
EEG data were downsampled to 128Hz.

Data analysis
All behavioral analyses were programmed in Python 3.7. Trials which were
marked due to lost fixation were disregarded from all analyses. Trials
without a response and trials with a reaction time (RT) larger than 1400ms
and shorter than 200mswere excluded frombehavioral, pupillary, andEEG
analyses. Note that data from all trials were used for analysis of behavioral
and pupillary, but only unrejected (after automatic artefact rejection) EEG
epochs were included in EEG analyses.

Analyses of physiological arousal and task effects
The maximal pupil size measurement was used to quantify drug effects on
pupil size. For each active drug condition (ATX/DNP) tonic pupil size was
normalized (percentage) to the tonic pupil size during the PLC session.
Blood pressure was normalized (percentage) for each drug condition,
including PLC, to the first measurement of each day. Next, two-sided t-tests
were used to test for drug effects on bloodpressure and tonic pupil. Bayesian
equivalents of most statistical tests (Cauchy-scale=0.707) were used to
quantify the evidence in favor of the null hypothesis. Bayesian tests were
performed in JASP115. Note that all Bayes Factors (BF) are reported as
evidence in favor of the null hypothesis (BF01) and can be interpreted as
anecdotal (1 < BF01 < 3), substantial (3 < BF01 < 10), strong (10 < BF01 < 30)
and very strong (BF01 > 30)

116. Inversely, a BF01 < 1 should be interpreted as
evidence for the alternative hypothesis following the formula:

BF01 ¼
1

BF10
ð1Þ

Thus, 0.10 < BF01 < 0.33 should be considered substantial evidence in
favor of the alternative hypothesis, 0.03 < BF01 < 0.10 as strong evidence for
the alternative hypothesis, etc.

Hierarchical generalized linear model formulation of signal
detection theory
Perceptual sensitivity (d’) and decision bias (criterion), derived from SDT41,
were estimated to investigate the effects of task and drug on behavior.
Specifically, SDT was formulated as a probit regression model, which
describes binary responses as a function of stimulus input and an intercept.
In its most basics forms, this model is identical to standard SDT analyses40.
The base SDT-GLMmodel is defined as follows.

response � ϕðβ0 þ β1 � stimulusÞ ð2Þ

Where the intercept β0 is equal to -criterion, β1 is equal to d’, andΦ indicates
the cumulative standard normal that underlies the probit transform. For
simplicity's sake, β0 is multiplied by−1 so that it reflects the criterion in the
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proper direction.

response � ϕðβ0 þ β1 � stimulusþ β2 � task þ β3 � drug
þ β4 � stimulus � task þ β5 � stimulus � drug
þ β6 � task � drugþ β7 � stimulus � task � drugÞ

ð3Þ

In thismodel, β2 is themain effect of task on criterion, whereas β4 is the
main effect of task on d’, etc. As described above, β2, β3, and β6 were
multiplied by−1 to obtain effects of task, drug and their interaction on the
criterion in the correct direction. Model regressors were effect coded as−1
for the liberal task and the placebo, and 1 for the conservative task, the active
drug condition (ATX or DNP). The model was implemented in a hier-
archical Bayesian manner via the Python toolbox PyMC117. Model (hyper-)
priors for the regressors were defined as follows:

βi;s � Nðμi; σ2i Þ ð4Þ

μi�Nð0; 0:5Þ ð5Þ

σ2i � HCð0:5Þ ð6Þ
Where βi,s is the subject-level regressor i, μi and σ

2
i indicate the hyperprior

mean and variance for regressor i,N describes a normal distribution, and
HC describes a half-Cauchy distribution. For i = 1 (i.e., β1; grand mean of
d’), the location of the hyperprior mean was set to 1.5 instead of zero, as
performance on the task was titrated to ~75% correct, corresponding to a d’
of ~1.5. Samples from the posterior distributionwere found by running four
Markov Chain Monte Carlo chains, each with a length of 10,000 and an
additional 2000 burn-in samples. Regressors were effect-coded, meaning
that effects should be interpreted as a difference from the grand mean (i.e.,
average across all conditions). The same modeling approach was used to
estimate the effects of tonic pupil size and phasic pupil responses on
behavior, also in interactionwith task (see further explanation below). R̂was
used as a metric for model convergence118. The ATX model, DNP model,
tonic pupil model, and phasic pupil model converged well, with R̂ ≤ 1.005
for all hyperparameters.

Pupillometry analyses and binning procedure
Tonic pupil size was calculated as the average pupil size in the 500ms
preceding stimulus onset (identical to refs. 21,23,51). Phasic pupil responses
were calculated by 1) time-locking pupil traces to the onset of the behavioral
response and 2) normalizing these traces by subtracting the tonic pupil size
of that trial. To quantify how the task and the behavioral response were
reflected in phasic pupil traces, single-trial response-locked pupil data were
averaged within each participant, session, task, stimulus, and response.
Next, pupil traces were averaged across sessions and stimuli to obtain pupil
traces in a 2 × 2 (task x response) factorial design for each participant. Note
that this procedure isolated pupil dynamics exclusively related to the deci-
sion (“yes” vs. “no”), uncontaminated by e.g., stimulus identity and decision
accuracy.

Pupillary traces were analyzed with a 2 × 2 (task × response) cluster-
corrected permutation rmANOVA over time (10,000 permutations, clus-
ter-threshold: p < 0.05), in which the interaction between task and response
was of primary interest, as that interaction should reflect strategic decision
bias. To exclude any prestimulus and post-response signals (e.g., related to
the presentation of the auditory feedback tone) from spilling over into the
pupil signal of interest, the time-window in which the rmANOVA was
performed was restricted from the mean stimulus onset (-610ms from
response, equals mean RT by definition) to the response time.

A similar hierarchical Bayesian SDT analysis as above was performed
to quantify the linear relation between tonic and phasic pupil-linked arousal
and decision bias (also in interaction with task), but with these pupil mea-
surements being continuous regressors instead of drug condition. Before

sampling the model, tonic and phasic pupil-linked arousal were z-scored
within each participant, session, task, and block.

Drift diffusion modeling
A DDM was constructed to gain insight into which parameters of the
decision process were modulated by task and phasic pupil bin56. The DDM
was fit as a hierarchical Bayesian stimulus-coded regression model to RT
distributions of “yes” and “no” response trials, using the HDDM Python
package65. In this regression model, drift rate, non-decision time, decision
boundary separation, starting point and drift criterion were allowed to vary
with task, phasic pupil bin and their interaction. Model regressors were
effect-coded as−1 for the liberal task and1 for the conservative task, and−2
to 2 for the phasic pupil bins. The effects of this model can be interpreted
similarly to effects derived from anANOVA.A single chainwith a length of
10,000 samples and an additional 2000 samples for burn-in was used for
sampling.

Evoked response potential (ERP) neural analyses
To calculate the CPP component, single-trial response-locked data from an
a-priori spatial ROI (CP1, CP2, CPz) covering centroparietal regions23,33,63

were normalized by subtracting the average baseline activity−80ms to 0ms
before stimulus onset and then averaged across EEG channels. Next, CPP
traces were averaged within participant, drug, task, stimulus, response, and
RT bin (median split). Finally, these ERP traces were averaged across drug
sessions. The slope of the CPPwas estimated by fitting a linear regression to
the neural data in the 200mspreceding the behavioral response. Slopeswere
compared with paired sample t tests (for RT bins) and with a 2 × 2 (sti-
mulus × response) rmANOVA.

TF neural analyses
Before calculating TF representations, raw stimulus-locked and response-
locked epochs were first balanced with regard to the behavioral response on
the previous trial, within each task, to prevent spillover effects from the
previous trials. For example, during the liberal task, participants provided
more “yes” answers and prestimulus activity on a given trial may thus be
driven by the disproportional amount of “yes” answers on the previous
trials. After balancing epoch counts, epochs were averaged for each subject,
task, stimulus, response, and phasic pupil bin. Then, these traces were
averaged over stimulus, resulting in traces of neural activity exclusively
related to the “yes” vs. “no” decision, but now also for each phasic pupil bin.
TF representations were calculated for cropped stimulus-locked (−1000ms
to 1000ms) and response-locked traces (−1000ms to 250ms). TF power
was obtained through the convolution ofMorlet wavelets with epoched data
from 1Hz to 40Hz in steps of 1 Hz. For each frequency, the number of
cycles was defined as:

number cyclesðf Þ ¼ f
2

ð7Þ

Then, both stimulus-locked TF traces were cropped between−750ms
to 750ms and response-lockedTF traceswere cropped between−750ms to
0ms. To investigate response-selective activity, TF activity was extracted
from two symmetrical spatial ROIs (left hemisphere: C3 and CP3, right
hemisphere: C4 and CP4) and averaged within ROI. Next, a lateralization
index was calculated as follows:

lateralization index ¼ ðROIL � ROIRÞ
ðROIL þ ROIRÞ

ð8Þ

This lateralization index could take values between −1 and 1, with a
positive value indicating more TF power over the left hemisphere (asso-
ciated with “yes” responses made with the right hand) than over the left
hemisphere (associated with “no” responses made with the left hand). To
analyze lateralizedTFpower, apermutation-based cluster-corrected (cluster
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alpha: p < 0.05, permutations: 10,000) 2 × 2 × 5 (task x response x phasic
pupil bin) rmANOVA was performed.

Multivariate pattern analysis
A linear discriminant was trained on CSD-transformed EEG data from all
64 electrodes of the localizer task to distinguish Gabor-present versus
Gabor-absent trials. The classifier was trained on every time point and then
tested on all time-points including the one itwas trainedon77. First, a 10-fold
within-localizer decoding analysis was performed on data from each
experimental session to investigate whether Gabor presence was repre-
sented in neural data of the localizer task to begin with. Classifier perfor-
mance of the within-localizer analyses was determined by assessing AUC.
Second, we used a cross-task decoding analysis, in which we trained the
classifier on the independent localizer data and tested it on data from the
detection task. To increase trainingpower,wepooled localizerdata across all
three drug sessions to form a single training set. Trial counts in the training
setwere balanced in termsof current trial target presence and target absence.
Moreover, for target presence trials, trial counts were balanced for Gabor
orientation and tilt offset. The performance of the classifier was assessed by
extracting the amount of hits (i.e., predicted stimulus present, actual sti-
mulus present), false alarms, misses, and correct rejections, and then cal-
culating classifier d’ and criterion similar to our behavioral analyses.
Classifier criterion and d’ scores were averaged across drug sessions before
testing for task effects with paired sample cluster-corrected permutation t
tests (two-sided, 10,000 permutations, cluster-threshold: p < 0.05).

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

Data availability
All raw data (DOI: 10.21942/uva.31297489) and figure source data (DOI:
10.21942/uva.31305934) are freely available at FigShare.

Code availability
All analysis scripts are freely available at FigShare (DOI: 10.21942/
uva.31305955).
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