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The time is roughly fourteen billion years after the big bang. The place is a blue planet circling a
medium-sized sun, located in the outskirts of the milky way. The Earth’s rare combination of features
— (i) not too far and not too close from the Sun for liquid water to exist, (ii) big enough to hold on to
its atmosphere, (iii) a strong magnetic field to deflect harmful UV rays, and (iv) tectonic activity that
helps feed the atmosphere and oceans with nutrients — enabled the emergence of life: organisms with the
capacity to harness energy and materials from their environment to adapt to changing conditions and re-
produce themselves. Life on Earth has evolved, and continues to do so, into ever more specialized plants
and animals. A notable example are the homo sapiens — highly intelligent and curious creatures who are
currently in the middle of a systematic attempt to understand the physical world they live in, including
their own complexity. I hope this thesis may serve as a humble building block in this “grand scheme of

things”.

They have a point!! We'll
™ never fully understand the

~ | complexity of the interactions
between 100 billion neurons!

THAT'S A SILLY FALLACY! IT'S LIKE
~ | SAYING “ABODY THAT'S STRONG
ENOUGH TO LIFT ITSELF UP
WOULD BE TOO MUSCULAR TO
BE LIFTED UP BY ITSELF"!

Figure 1: Images from American Chopper on Discovery Channel; meme by Dr. Jens Foell.
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Synopsis

0.1 INTRODUCTION

Many decisions, ranging from the everyday to those with far-reaching consequences, have to be made in
the face of uncertainty. Imagine walking down the street on your way to the nearest convenience store,
when you suddenly stumble across a weekly open market. In the distance you see a fruit stall, and the
items on display look attractive, although it is hard to be sure from afar. Do you decide to go and buy
your fruits there, or do you continue your way to the grocery? Now imagine you are sitting in the oval
office, it is 2002, and you are the president of the USA. Your intelligence officers just briefed you about
the probability of weapons of mass destruction in Iraq. Do you decide to forcefully invade the region, or

will you hold off for now?

How do we face this tremendous challenge of making sense of, and acting upon, the noisy world
around us? One perhaps obvious approach is to base your decision not on one, but on at least a num-
ber of pieces of “evidence”. In the open market, one might combine (sum up) estimates of the fruit
quality, the variety to choose from, and the extent to which the stall seems attractive to other people. In
the oval office, one might combine satellite images with intelligence from informers on the ground, and
also consult independent watchdog organizations and other world leaders. In both examples, the hope is
that “evidence accumulation” will reduce uncertainty by (i) adding relevant information (“signal”) and
(ii) averaging out the error (“external noise”) across samples of evidence.

Strikingly, when asked to make repeated decisions, we will often choose differently each time, even
when we are given the same information to inform our choice [1—5]. This is called “behavioral variabil-
ity”. Behavioral variability is typically attributed to spontaneous fluctuations of neural activity (“internal
noise”) in the brain’s decision-making machinery [1, 3]. This implies that the path a decision-making pro-

cess takes in our brain is, to an extent, unpredictable. Indeed, George W. Bush might have decided against



invading Iraq if he had considered the same information on another occasion.

However, behavioral variability is perhaps not completely unpredictable: a substantial part of the vari-
ability in behavior might in fact be explained and predicted by tracking the momentary “arousal state”
of the brain, and by tracking the “history of choices” a particular decision is embedded in.

The brain’s global arousal state is largely governed by so-called neuromodulatory systems. Neuromod-
ulatory systems originate in the brainstem and have widespread projections to the rest of the brain that
tune the way their target circuits operate [6-10]. In the following, I will broadly refer to this neuromod-
ulatory tuning of cortical circuit interactions as the “global arousal state”. Neuromodulatory systems
operate on different timescales. For example, activity of the locus coeruleus noradrenaline system is low-
est during sleep, rises during wakefulness, and reaches much higher levels during situations of stress or
danger; the locus coeruleus also activates briefly (“phasically”) during cognitive acts like decision-making
[6]. As aresult, the arousal state of the brain constantly fluctuates [6, 11], and is slightly elevated every
time we make a decision [6].

Choices are rarely made in isolation, but often depend on the sequence of previously made choices
[12, 13]. This holds even for low-level perceptual choices [14-16]. This implies that the choice history can
bias the brain’s decision-making machinery. For example, the decision to invade Iraq might have biased
George W. Bush’s assessment of new information to confirm to his initial judgment — a phenomenon

called confirmation bias [17].

Taken together, the brain’s arousal state and the history of choices should, somehow, shape
cortical decision-computations and subsequent choice behavior. The goal of this thesis is to de-
termine how. To uncover how arousal signals and the history of choices tune decision-making
processes in the brain, would mean that a significant fraction of the observed variance (variabil-

ity) in choice behavior is not random but can be predicted.

One powerful starting point proved to be comparing decision-computations and subsequent choice
behavior between relatively low and high arousal states. This approach relies heavily on participants mak-
ing a large number of decisions that are under tight experimental and analytical control, and on trial-to-
trail fluctuations of the arousal state and a reliable measure thereof. Below, I will first briefly describe
these components. I will then summarize the results of an experiment that I conducted as part of my
MSc studies, which forms the foundation of my PhD work. I will end the synopsis with a summary of

each chapter, and a general discussion.

0.2 DECISION-MAKING UNDER EXPERIMENTAL AND ANALYTIC CONTROL

A class of decisions that lends itself particularly well to scientific inquiry is that of the perceptual kind
[2, 18—23]. Perceptual decision-making involves choosing one option from a set of alternatives based on
the available sensory information. The goal is thus to interpret noisy sensory information and translate

this into behavior. For example, in one task that I have used throughout this thesis (Figure 1A), subjects

6



decide if a degraded image contains only noise (black and white flickering dots, the same you see on a
television when there is no signal), or if there is a weak target stimulus (oriented bars) embedded in the
noise; they press one of two buttons to report their “yes” vs. “no” choice. Such a task might seem trivial.
However, it conserves the key computation of a decision process: the accumulation of external evidence

(in this case across unique frames of sensory information).

Perceptual decision-making is a powerful framework for four main reasons. First, perceptual decisions
typically span only a few hundred milliseconds up to a few seconds. Subjects can thus make many deci-
sions in one experimental session, which, in turn, means that one can compare robust measures of choice

behavior (based on many trials) between relatively low and high arousal states.

Second, the quality of the evidence that the decision is based on is under complete experimental control.
For example, in the contrast detection task (Figure 1A), the “signal-to-noise ratio” of the sensory evidence
can be manipulated by changing the contrast of the signal (the oriented bars) while keeping the noise
the same. That means that subject’s performance can be fixed at a level that simulates decision-making
under uncertainty (at about 75% correct). Fixing the available external evidence across repeated decisions
also means that when the choice behavior is different between high and low arousal states, this difference

should be attributed to internal factors.

Third, mathematical models of the assumed underlying cognitive processes responsible for perceptual
decisions have been developed. That means that, by modeling the subject’s overt behavior, a lot can be
learned about how the brain’s arousal state shapes the decision process. The work in this thesis relies
heavily on signal detection theory [24] and the drift diffusion model [18, 25]. Signal Detection Theory
decomposes subject’s choice behavior into the orthogonal measures “sensitivity” (d’) and “bias” (criterion)
(Figure 1B). Sensitivity is the ability to discriminate signal from noise, and bias is the overall tendency to
choose one of the choice alternatives over the other irrespective of the evidence. Signal Detection Theory
can thus be used to test whether the brain’s arousal state affects a person’s sensitivity or bias. The drift
diffusion model formally captures the idea that decision-making is a dynamic process that unfolds over
time (Figure 1C). Specifically, it assumes that decisions are formed by continuously accumulating (sensory)
information towards one of the two response boundaries (for “yes” and “no”); once such a bound is
met, the decision process is terminated, and a motor response ensues. The model is fitted to subject’s
choices and reaction times, and can be used to test if the brain’s arousal state affects any of the following
components of the decision process: an initial bias towards one of the choice alternatives, the overall
efficiency of evidence accumulation, a bias in evidence accumulation towards on the choice alternatives,
how much evidence is required before one commits to a choice, or the speed of non-decisional processes
like the pre-decisional evidence encoding and post-decisional translation of choice into a motor response.
We can thus ask which of the algorithmic decision-computations are shaped by arousal, and how.

Fourth, the basic underlying physiological mechanisms that mediate perceptual decision-making in

humans, monkeys and rodents are well understood [2, 18—23]. Specifically, neural activity in sensory cor-

tex seems to lawfully depend on the signal-to-noise ratio of the external stimulus, and that trial-to-trial
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Figure 1: Perceptual decision-making and computational modeling of behavior. (A) Example stimulus used in perceptual decision-making.
On each trial, either a signal+noise stimulus (top) is presented or only noise (bottom), and subjects indicate their “yes” or “no” choice with
a button press. The signal is shown at high contrast for illustration purposes only. In an actual experiment, its contrast is typically lowered
to a level that simulates decision-making in the face of uncertainty (yielding roughly 75% correct choices). (B) Signal detection theory. On
each trial, the external stimulus (signal+noise or noise) is converted into an internal decision variable (dv). To make a binary choice, the
observer compares the value of the decision variable to an internal choice criterion (c). Due to internal and external noise, a distribution
of decision variables over trials can be modeled as a Gaussian, the variance of which reflects the amount of noise present in the system.
Increasing the available sensory evidence or training will result in distributions that are more separable, and thus in better performance.
By comparing the proportion of responses for the two external stimulus identities, signal detection theory can deduce the observers’
perceptual sensitivity (d') and her choice criterion (c). (C) Schematic of drift diffusion model accounting for reaction time distributions for
“yes” and “no” choices. In one example trial (grey), noisy sensory evidence is integrated over time into a decision variable, until reaching one
of two choice bounds. The model consists of the following parameters: the starting point of evidence accumulation (an initial bias towards
one of the choice alternatives, z), the evidence accumulation (the overall efficiency thereof, v, and a bias therein towards one of the choice
alternatives, dc), boundary separation (controlling how much evidence is required before one commits to a choice, thereby implementing
a speed-accuracy tradeoff, a) and the so-called non-decision time (the speed of pre-decisional evidence encoding and post-decisional
translation of choice into motor response).

fluctuations in such stimulus-specific activity predicts choice. Together, this means that input signals
to the decision-process (“evidence samples”) are provided by sensory cortex. Likewise, association cor-
tex seems to accumulate these input signals over time into a decision variable up to a bound, and again,
these ramping signals lawfully depend on the signal-to-noise ratio of the external stimulus (steeper ramp-
ing for stronger stimuli) and predict choice. Note that the accumulation-to-bound framework of the
drift diffusion model (described above) corresponds well to this biological decision architecture. Finally,
motor regions seem to translate the decision into a behavioral act. Thus, perceptual decision-making is
implemented by a distributed brain network (Figure 2). This is one of the reasons that each of these
stages of decision-making can be measured non-invasively in the human brain with for example magne-
toencephalography (MEG) [22, 26—28]. We can thus ask which of the cortical decision-computations are
shaped by arousal, and how.

0.3 PUPILLOMETRY, A WINDOW INTO THE BRAIN’S AROUSAL STATE

Critically, the state of each cortical area in Figure 2 around the time of a decision is shaped by the inter-

play of cortical network interactions on the one hand, and neuromodulators released from ascending
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Figure 2: Neuromodulation of cortical decision dynamics. During visuo-motor decisions (e.g. based on contrast), “sensory evidence” is
accumulated over time up to a bound, and translated into an action plan. This process unfolds in a recurrently connected network of
fronto-parietal and motor cortices. Each node of the network is under the influence of ascending neuromodulatory brainstem systems,
which exhibit phasic (fast) responses during decision formation. The modulatory neurotransmitters released by these systems regulate the
brain’s arousal state and have significant effects on the operating mode of local and large-scale cortical networks. Pupil size is a reliable
read-out of phasic arousal. PPC, posterior parietal cortex; PFC, prefrontal cortex; OFC, orbital frontal cortex.

brainstem systems on the other hand (marked in red). Again, neuromodulatory brainstem nuclei have
widespread projections to cortex and tune parameters governing the operating mode of their cortical
target circuits, such as the “excitability” of synaptic interactions between different neurons [6-10]. An
important recent insight is that neuromodulatory brainstem systems operate on multiple timescales, and
with precise locking to cognitive events [6]. In particular, the noradrenergic locus coeruleus and choliner-
gic basal forebrain system can be rapidly recruited, in a time-locked fashion, during elementary decisions
[6, 29—31]. Taken together, this means that the arousal state of the brain is briefly elevated every time we

make a decision.

How we do track the brain’s arousal state on each trial? As neuromodulatory nuclei are tiny and located
deep within the brain, their activity is hard to measure with any neuroscientific method, and especially
so with non-invasive techniques. Conveniently, it is now clear that pupil responses can be used as a pe-
ripheral readout of changes in cortical arousal state. The pupil size is most strongly driven by changes in
the overall luminance. However, when light conditions are stable, the pupil still dilates and constricts,
and these fluctuations track established measures of the brain’s arousal state [11, 32]. Changes in pupil
diameter are also associated with responses of the locus coeruleus in humans [33, 34], monkeys [35, 36],

and mice [37-39].

Here it is important to highlight that some of these studies also found unique contributions to pupil
size in other subcortical regions like the superior and inferior colliculi, the cholinergic basal forebrain
and dopaminergic midbrain [33, 35, 39]. Thus, throughout this thesis, I remain agnostic about the exact
neuroanatomical source(s) of the reported effects of transient (phasic) increases in the brain’s arousal state
during decision-making.

To test if and how arousal shapes decision-computations and choice behavior we require at least some



trial-to-trial variation in the magnitude of decision-related phasic arousal responses, because only in that
case can choice behavior between relatively high and low arousal states be compared. As it turns out, in-
deed the strength of phasic arousal responses varies substantially from trial to trial. I discovered this in
a pupillometry study [40] that I conducted during my MSc studies in the lab of Prof. Tobias Donner,
my later PhD advisor. The results of this experiment allowed us to formulate specific hypotheses regard-
ing the functional impact of phasic arousal, which I subsequently tested during my PhD project. I will

therefore briefly summarize this work here.

0.4 DECISION-RELATED PUPIL DILATION REFLECTS UPCOMING CHOICE AND INDIVIDUAL BIAS

Our first goal was to uncover at which point during a perceptual decision the pupil-linked phasic arousal
signals occur. In a yes/no contrast detection task under constant luminance (as in Figure 1A), we indeed
found that the pupil dilates time-locked to decisions. However, the relatively sluggish (~1s; [41]) response
dynamics of pupil dilation make it challenging to connect changes in pupil size to events occurring close
together in time. For example, does the pupil dilate every time we start a decision-process, or is the pupil
dilated for as long as we are forming a decision (during evidence accumulation), or does the pupil only
dilate when we act on the decision that we reached? We used linear systems analysis to “de-mix” the pupil
response timecourse and quantify the contribution of each of these three temporal components to task-
evoked pupil responses. Task-evoked pupil responses were predominantly driven by a sustained input
that took place from stimulus onset until the button press (Figure 3A,B) — in other words, throughout
decision formation. This key result was later replicated by ourselves and others [33, 42, 43]. Given the pro-
longed nature of the decision (reaction times were typically ~1.5 s), this implies that cortical decision net-
works received a (neuromodulatory) arousal boost already while they were accumulation visual evidence
towards “yes” or “no”. This means that phasic arousal signals might indeed shape the decision-process

and subsequent choice behavior.

Consistent with thisidea, task-evoked pupil responses were larger for “yes” choices than for “no” choices,
irrespective of whether these choices were correct (Figure 3C,D). Remarkably, the extent to which pupil
responses were larger for “yes” than for “no” strongly depended on subjects’ intrinsic bias (as measured
in terms of criterion from signal detection theory, see also Figure 2B): it was amplified in subjects with
strong biases (Figure 3E) In this dataset, subjects with strong biases tended to be conservative — that s,
they tended to choose “no” irrespective of the objective evidence. These findings established a strong

relationship between decision bias and phasic pupil-linked arousal.

Taken together, these results led us to hypothesize that phasic arousal shapes cortical decision-computations
in a way that helps a decision maker to overcome his or her intrinsic bias. I tested this specific hypothesis

over the subsequent years, the results of which are included in this thesis.
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Figure 3: Decision related pupil dilation reflects upcoming choice and individual bias. (A) lllustration of general linear model to quantify
temporal components driving task-evoked pupil responses. (B) Average of best-fitting beta weights for the three temporal components
across all subjects (N = 23). (C) Decision-related pupil responses of one example subject, sorted according to signal detection theory. H
(hit), “yes” choice on a signal+noise trial; M (miss), “no” choice on a signal+noise trial; FA (false alarm), “yes” choice on a noise trial; CR
(correct reject), “no” choice on a noise trial. (D) Pupil response amplitudes ranked across the categories of signal detection theory as
follows: hits = false alarms > misses = correct rejects. This gave rise to a strong choice-effect: more pupil dilation for “yes” than for “no”
choices. (E) Pupil choice effect (average pupil response for “yes” minus “no” choices) per subject plotted against subjects’ decision criteria,
a measure of intrinsic bias. Adapted from [40].

0.5 THESIS OVERVIEW AND SUMMARY OF RESULTS

The overarching goal of this thesis is to uncover how phasic arousal and the history of choices shape
decision-computations (at the algorithmic and cortical levels) and subsequent choice behavior. I ap-
proached this question with a series of experiments in which I combined psychophysics, computational
modeling, pupillometry, functional magnetic resonance imaging (fMRI) of the brainstem, and magne-

toencephalography (MEG) of cortical decision computations.

CHAPTERI[33] establishes that task-evoked pupil responses in humans reliably track the task-evoked
responses in a number of neuromodulatory brainstem nuclei known to regulate cortical arousal, includ-
ing the noradrenergic locus coeruleus. Our study was the first (and remains the only till date) to quantify
this relationship in humans. Further, the first chapter describes a behavioral correlate of phasic arousal:
large pupil responses predict a reduction of suboptimal decision bias; computational modeling of behav-

ior suggests that this is due to a reduction of bias in the evidence accumulation process. A strength of this
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chapter is the concurrent brainstem fMRI and pupillometry during a simple contrast-dection task. This
allowed us to characterize the relationship between the activity of neuromodulatory brainstem nuclei,

pupil-linked phasic arousal and sophisticated (model-based) measures of subject’s choice behavior.

CHAPTER2 [44] demonstrates that the arousal-linked suppression of suboptimal biases in evidence
accumulation occurs in different species (humans and mice) and in a range of decision-making tasks:
when decisions are based on perceptual evidence, when evidence is accumulated from memory, or when
decisions are based on numerical values. A strength of this chapter is the inclusion of six independent
pupillometry datasets that involved evidence accumulation in various contexts and in different species.
This allowed us to replicate the behavioral correlate of phasic arousal observed in chapter 1, and reveal

that the arousal-linked suppression of suboptimal biases in evidence accumulation is a general principle.

CHAPTER 3 identifies the biological underpinnings of the pupil-linked bias suppression. In the con-
text of a perceptual decision, the pupil-linked bias suppression seems to be mediated by the arousal-related
shaping of choice-predictive alpha-band activity in regions along the dorsal stream of the visual cortical
hierarchy, including primary visual cortex. A strength of this chapter is the concurrent MEG and pupil-
lometry during a similar contrast-dection task as used in chapter 1. This allowed us to characterize how
phasic arousal tunes cortical decision computations (that we could measure in real time) and subsequent

behavior, and conclude that phasic arousal shapes evidence accumulation by tuning cortical excitability.

CHAPTER 4 [45] presents evidence for the idea that the trial-to-trial variation in the magnitude of
pupil-linked phasicarousal responses is not random, but that instead phasic arousal is recruited in relation
to key computational variables such as uncertainty and surprise. A strength of this chapter is the exper-
imental design that allowed us to formally quantify uncertainty and surprise on each trial and observe

their effects on arousal.

CHAPTER § [46] uncovers at the algorithmic level how previous choices influence current decisions.
We found thatindividual history biases in overt behavior were consistently explained by a history-dependent
change in the evidence accumulation, rather than in its starting point. Thus, evidence accumulation is
not only driven by the objective evidence, intrinsic bias, and arousal, but also by previous choices. A
strength of this chapter is the demonstration that this conclusion holds for various task protocols and

sensory modalities and for various computational modeling approaches.

0.6 DiIscussioN

Many decisions are made in the face of uncertainty and involve accumulating ambiguous evidence over
time. This holds for elementary decisions based on perceptual evidence ranging to more complex deci-

sions based on abstract evidence. Strikingly, when asked to make repeated decisions, we often choose
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differently each time, even when we are given the same information to inform our choice [1—s5]. This
implies that the path a decision-making process takes in our brain is not fixed, but, to an extent, variable.
Behavioral variability is commonly attributed to intrinsic noise in the nervous system [1, 3].

This thesis uncovers that a substantial part of the variability in behavior can be explained and predicted
by tracking the momentary arousal state of the brain, and by tracking the history of choices a particular
decision is embedded in. Key results include: pupil size at constant luminance is a reliable measure of the
activity of a number of neuromodulatory brainstem nuclei known to regulate cortical arousal (chapter 1);
the functional impact of pupil-linked phasic arousal is to suppress suboptimal biases in evidence accumu-
lation and subsequent choice behavior (chapter 1); the arousal-linked suppression of suboptimal biases
in evidence accumulation is a general principle: it occurs in a range of decision-making tasks (when deci-
sions are based on perceptual evidence, are made from memory, or based on numerical values) and across
species (humans and mice) (chapter 2). Pupil-linked bias suppression (in a perceptual decision-making
context) is mediated by the arousal-related shaping of choice-predictive alpha-band activity (a signature
of “excitability”) in regions along the dorsal stream of the visual cortical hierarchy, including primary vi-
sual cortex (chapter 3); pupil-linked phasic arousal is recruited in relation to key computational variables
such as uncertainty and surprise (chapter 4); previous choices shape the current evidence accumulation
process, rather than its starting point (chapter s). Thus, phasic arousal and previous choices calibrate a

key computation during decision-making: evidence accumulation.

0.6.1 POST-DECISIONAL VERSUS INTRA-DECISIONAL DRIVE OF PHASIC AROUSAL

One “post-decisional” account holds that the phasic arousal signals (specifically, phasic responses of the
locus coeruleus) are triggered by the bound-crossing in one of the cortical accumulator circuits; the result-
ing transient and cortex-wide neuromodulator release then facilitates the translation of the choice into a
motor act [6]. This hypothesis is supported by single-unit physiology work in monkeys which showed
that phasic locus coeruleus responses are more closely aligned to the behavioral response than to the on-
set of behaviorally relevant stimuli [47, 48] and that locus coeruleus responses encode sensory and motor
events related to decisions to execute movements, but not to withhold movements [49]. An alternative
“intra-decisional” idea [30], supported by indirect evidence [ 40, 42, 43], is that arousal systems are already
recruited before the bound-crossing, throughout the evidence accumulation process. Within the drift dif-
fusion model, the former notion predicts a reduction in non-decision time, while latter notion predicts
an effect on evidence accumulation. In line with the intra-decision account, we found in all our datasets
that phasic arousal affected evidence accumulation (suppressing biased therein), but not non-decision
time (chapters 1-3). Lending further support to the intra-decision account, we observed pupil-linked
alpha-band suppression (a MEG signature of neural excitability) already from stimulus onset onwards
and more than a second before report — in other words, during evidence accumulation (chapter 3). These
finding indicate that at least one of the brainstem nuclei regulating cortical arousal is activate during the

deliberation process [20]. Because the tasks used in previous animal physiology studies of task-related lo-
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cus coruleus responses involved much faster decision processes than the one studied here (reaction times
of about 0.5 s vs. 2 s, respectively), it remains unknown whether the more sustained, task-evoked re-
sponses also occur in noradrenergic neurons (but see [36]). Future experiments characterizing phasic
activity in the locus coeruleus or other brainstem nuclei involved in arousal during protracted evidence

accumulation tasks could shed light on this issue.

0.6.2 HOW DO DIFFUSE AROUSAL SIGNALS TRANSLATE INTO SPECIFIC EFFECTS ON BEHAVIOR?

Owing to their diffuse (widespread) projections, neuromodulatory brainstem nuclei are traditionally
thought to exert uniform and synchronous modulatory effects on cells and circuits throughout the cen-
tral nervous system [6]. How can such a non-specific signal cause the specific effect of reducing choice
bias? There are a number of (non-mutually exclusive) scenarios consistent with that result.

A first possibility is that task-evoked neuromodulatory responses and cortical decision circuits interact
in a recurrent fashion. This idea is line with a conceptual model that has been proposed for phasic locus
coeruleus responses, which posits that cortical regions driving the locus coeruleus (e.g. anterior cingulate
cortex) continuously compute the ratio of the posterior probability of the state of the world, divided by
its (estimated) prior probability [30]. In other words, this framework predicts that the locus coeruleus is
particularly activate when cortical decision-computations ramp up towards the choice that goes against
one’s bias (a conservative person about to report “yes”). The resulting locus coeruleus activity might reset
its cortical target circuits [31] and override the default state [30], facilitating the transition of the cortical
decision circuitry towards the non-default state.

A second possibility is that neuromodulators impinge on a cortical architecture that is spatially spe-
cific. Biophysically detailed models of the neural computations underlying decision-making [18] help to
conceptualize this idea. In one specific scheme for yes/no choices, supported by neurophysiological data
[26, 50, 51], two neural populations accumulate evidence for “yes” and “no” toward separate bounds, and
compete via mutual inhibition [26, 52, 53]. The yes-population accumulates the sensory evidence for sig-
nal presence—i.e., neural activity in visual cortex, which is either stimulus induced (on signal+noise trials)
or spontaneous (on noise trials) [s4]. The no-population accumulates a “default input” [52]. If, for ex-
ample, visual cortex has more receptors for the neuromodulators to bind to than the region providing
the “default input”, then boosting global arousal might asymmetrically enhance neural activity in visual
cortex (on both signal+noise and noise trials). This, in turn, will translate in faster accumulation toward
“yes” and the reduction of a conservative bias. Consistent with this idea, G protein-coupled receptors
indeed have a distinct and heterogeneous distribution across cortical areas [55], which partly explains the
spatially structured effects of noradrenaline and dopamine on the forebrain [56].

A third (related) possibility is that neuromodulatory responses alter the balance between “bottom-up”
and “top-down” signaling across the cortical hierarchy [57-61]. Sensory cortical regions encode likelihood
signals and send these (bottom-up) to association cortex; participant’s prior beliefs (about for example tar-

get probability) are sent back (top-down) to the lower levels of the hierarchy [s7, 62]. Thus, through a
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relative suppression of top-down signal flow, phasic arousal might reduce the weight of the prior (reflect-
ing subjects’ intrinsic bias) relative to the likelihood. Specifically, in the yes/no task used throughout this
thesis, the prior may have been a conservative bias for choosing “no”. Reducing its weight would reduce
this bias.

A fourth (related) possibility is the ascending projections from for example the cholinergic basal fore-
brain and locus coeruleus are more spatially specific than commonly believed. Consistent with that idea,
locus coeruleus cells innervating discrete cortical regions are biochemically and electrophysiologically dis-

tinct from one another [63-66].

0.6.3 CONCLUSION

Phasic arousal and previous choices calibrate a key computation during decision-making: evidence ac-
cumulation. When decisions are made in the face of uncertainty tracking phasic arousal signals and the
history of choices may be just as important for predicting choice behavior as tracking the objective evi-
dence gathered from the outside world. This thesis therefore establishes that phasic arousal signals and

the history of choices account for a substantial fraction of the apparent variability in overt behavior.
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DECISION-MAKERS OFTEN ARRIVE AT DIFFERENT CHOICES WHEN FACED WITH REPEATED PRESEN-
TATIONS OF THE SAME EVIDENCE. VARIABILITY OF BEHAVIOR IS COMMONLY ATTRIBUTED TO NOISE
IN THE BRAIN’S DECISION-MAKING MACHINERY. WE HYPOTHESIZED THAT PHASIC RESPONSES OF
BRAINSTEM AROUSAL SYSTEMS ARE A SIGNIFICANT SOURCE OF THIS VARIABILITY. WE TRACKED
PUPIL RESPONSES (A PROXY OF PHASIC AROUSAL) DURING SENSORY-MOTOR DECISIONS IN HUMANS,
ACROSS DIFFERENT SENSORY MODALITIES AND TASK PROTOCOLS. LARGE PUPIL RESPONSES GENER-
ALLY PREDICTED A REDUCTION IN DECISION BIAS. USING FMRI, WE SHOWED THAT THE PUPIL-
LINKED BIAS REDUCTION WAS (I) ACCOMPANIED BY A MODULATION OF CHOICE- ENCODING PAT-
TERN SIGNALS IN PARIETAL AND PREFRONTAL CORTEX AND (II) PREDICTED BY PHASIC, PUPIL-LINKED
RESPONSES OF A NUMBER OF NEUROMODULATORY BRAINSTEM CENTERS INVOLVED IN THE CON-
TROL OF CORTICAL AROUSAL STATE, INCLUDING THE NORADRENERGIC LOCUS COERULEUS. WE
CONCLUDE THAT PHASIC AROUSAL SUPPRESSES DECISION BIAS ON A TRIAL-BY-TRIAL BASIS, THUS

ACCOUNTING FOR A SIGNIFICANT COMPONENT OF THE VARIABILITY OF CHOICE BEHAVIOR.
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1.I INTRODUCTION

Decision-makers often arrive at different choices in the face of repeated presentations of the same evidence
(1,2, 4, 5]. Thisintrinsic behavioral variability is typically attributed to spontaneous fluctuations of neural
activity in the brain regions computing decisions [1, 3] (but see [67, 68]). Indeed, fluctuations of neural

activity are ubiquitous in the cerebral cortex [1, 69, 70].

One candidate source of these fluctuations in cortical activity is systematic variation in central arousal
state. Central arousal state is controlled by the neuromodulatory systems of the brainstem, which have
widespread projections to cortex and tune neuronal parameters governing the operating mode of their cor-
tical target circuits [6, 8, 9]. Importantly, these neuromodulatory systems operate at different timescales
[6,29]. Some, in particular the noradrenergic locus coeruleus (LC), are rapidly recruited, in a time-locked
fashion, during elementary decisions [6, 29—31]. Pupil diameter, a reliable peripheral marker of central
(cortical) arousal state [11], also increases during decisions [40, 71—74]. These observations point to an
important role of phasic (i.e., fast) pupil-linked arousal signals in decision-making [6, 30]. Yet, the precise

nature of this role has remained unknown.

Here, we investigated how phasic, task-related arousal interacts with decision computations in the hu-
man brain. We combined pupillometry, fMRI, and computational modeling to probe into the interplay
between task-related arousal and decision computations underlying elementary sensory-motor choice
tasks. Sensory-motor decisions entail the gradual accumulation of noisy “sensory evidence” about the
state of the world towards categorical decision states governing behavioral choice [2, 18, 19, 25]. A large-
scale network of regions in frontal and parietal cortex seems to accumulate stimulus responses provided
by sensory cortices towards choices of motor movements [2, 22] (but see [19, 75]). We here aimed to
elucidate the interaction between pupil-linked arousal responses, evidence accumulation, and decision

processing across several (cortical and subcortical) brain regions.

Large task-evoked pupil responses were consistently accompanied by a reduction in perceptual deci-
sion bias in different sensory modalities (visual and auditory) and task protocols (detection and discrimi-
nation). Decision bias reflects the degree to which an observer’s choice deviates from the objective sensory
evidence. Using fMRI for one of these tasks revealed that the bias reduction was accompanied by a mod-
ulation of choice-encoding pattern signals in prefrontal and parietal cortex. Further, the bias reduction
was predicted by task-evoked, pupil-linked responses in a network of neuromodulatory brainstem nuclei
controlling cortical arousal state. We conclude that phasic neuromodulatory signals reduce biases in the
brain’s decision-making machinery. As a consequence, phasic arousal accounts for a significant compo-
nent of the variability of choice behavior, over and above the objective evidence gathered from the outside

world.
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Figure 1: Behavioral task and task-evoked pupil responses. (A) Yes-no contrast detection task. Top: schematic sequence of events during
a signal+noise trial. Subjects reported the presence or absence of a faint grating signal superimposed onto dynamic noise. Bottom left:
the signal, if present, was oriented clockwise or counter clockwise on different blocks (known to the subject beforehand). Signal contrast
is high for illustration only. Bottom right: trial types. (B) Quantifying task-evoked pupillary response (TPR) amplitude. Top: mean TPR time
course of an example subject. Green box, interval for averaging TPR values on single trials. Bottom: trials were pooled into three bins of
TPR amplitudes (lowest/highest 40% and intermediate 20%). (C) TPR time course for the three bins. (D) Mean beta weights of transient
(cue, choice) and sustained input components under low vs. high TPR, estimated with a general linear model (see Materials and methods;
Figure 1-figure supplement 1A,B), separately for low and high TPR trials. Panels C, D: group average (N = 14); shading, s.e.m.; data points,
individual subjects; stats, permutation test.

1.2 RESULTS

We systematically quantified the interaction between pupil-linked arousal responses and decision com-
putations at the algorithmic and neural levels of analysis. We here operationalize “phasic arousal” as task-
evoked pupil responses (TPR). This operational definition is based on recent animal work, which estab-

lished remarkably strong correlations between non-luminance mediated variations in pupil diameter and
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global cortical arousal state [11].

The Results section is organized as follows. First, we quantify TPRs during the main behavioral task
studied in this paper. The key observation here was the substantial trial-to-trial variability of the TPR am-
plicude. All subsequent analyses exploited this variability to pinpoint the functional correlates of phasic
arousal. We then present results from modeling TPR-dependent changes in choice behavior, identifying
precise algorithmic correlates of phasic arousal. These results yielded detailed predictions for the underly-
ing modulations of cortical signals. Third, we present tests of these predictions, focusing on functionally
delineated cortical regions of interest. We conclude by establishing that the trial-to-trial fluctuations in
TPR amplitude, and the associated bias reduction, were closely linked to task-evoked responses of neuro-

modulatory brainstem centers involved in regulating cortical arousal state.
ry g g

120 TRACKING TRIAL-TO-TRIAL FLUCTUATIONS IN PHASIC AROUSAL

The main task used in this study was detection (“yes-no”, simple forced choice protocol) of alow-contrast
grating (Figure 1A). The grating contrast was titrated to the 75% correct level, and subjects did not receive
trial-by-trial feedback. As observed previously [40], TPR amplitudes during this task fluctuated widely
from trial to trial (Figure 1B,C; see Materials and Methods for quantification of TPR). To illustrate, pool-
ing trials into two bins containing the lowest and highest 40% of TPR amplitudes (Figure 1B) yielded,
on average, the commonly observed task-evoked pupil dilations for the high TPR bin, but pupil con-
strictions for the low TPR bin (Figure 1C). We used a previously established model to estimate the time
course of the neural input driving the measured TPRs (GLM; see Materials and methods; Figure 1—figure
supplement 1A—C). This revealed that the difference between the low and high TPR bins was primarily
due to the difference in a sustained component that spanned the entire interval from cue to behavioral
choice (Figure 1D). The difference of the sustained component between low and high TPR was signifi-
cantly larger than the corresponding difference for two components at cue or choice, respectively (2-way
repeated measures ANOVA with factors temporal component and TPR bin; interaction: F2,26 = 79.00,
p<o.o01).

In sum, TPR amplitude exhibited substantial trial-to-trial fluctuations, which were predominantly
driven by changing levels in sustained input during decision formation. Given the prolonged nature of
the decision (median of subject-median reaction time, RT: 2.11 5), the sustained, intra-decisional arousal
boost might have interacted with the decision computation. To test for such an interaction between
arousal boost and decision computation, we next modeled subjects’ choice behavior as a function of TPR

amplitude.

1.2.2 PHASIC AROUSAL IS INVERSELY RELATED TO DECISION BIAS

We found a robust and consistent relationship between TPR and decision bias. This effect was present in
two independent data sets using an analogous contrast detection task: the newly collected fMRI data set,

and a re-analysis of an existing data set [40]) (Figure 2A,D, middle and right panels). Decision bias was
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Figure 2: Phasic arousal predicts reduction of choice bias. (A) Perceptual sensitivity SDT d’ (left), decision bias, measured as SDT criterion
(middle) or fraction of “yes"-choices (right), for low and high TPR. For the fraction of “yes”-choices analysis, we ensured that each TPR bin
consisted of an equal number of signal+noise and noise trials (see Materials and methods). Data points, individual subjects. (B) Relationship
between TPR and d’ or criterion (5 bins). Linear fits are plotted wherever the first-order fit was superior to the constant fit (see Materials
and methods). Quadratic fits are plotted wherever the second-order fit was superior to first-order fit. (C) Sliding window linear correlation
between TPR and SDT criterion (5 bins), aligned to button press. Dashed line, median decision onset (cue). The group average pupil
response time course is plotted for reference in blue. (D-F) As panels A-C, for an independent data set [40]. All panels: group average (N
=14 and N = 21); shading or error bars, s.e.m.; stats, permutation test.

quantified in two ways (for details, see Materials and methods). First, we computed signal detection-
theoretic (SDT) criterion (Figure 2A,D, middle panels). Second, we computed the fraction of “yes”-
choices (right panels), after balancing the number of signal+noise and noise trials within each TPR bin.
We did not find a consistent relationship between phasic arousal, as measured by TPR, and perceptual
sensitivity, quantified by SDT d’ (Figure 2A,D, left panels).

The negative association between TPR and decision bias (SDT criterion) was approximately linear
across a range of five TPR-defined bins (Figure 2B,E, right panels). In all cases, here and below, we tested
whether fits of second-order polynomials, reflecting non-monotonic relationships between TPR and be-
havior, were superior to the linear fits (via sequential polynomial regression analysis; Materials and meth-
ods). We found a non-monotonic relationship between TPR and sensitivity in the behavioral data set
from [40], but not in the fMRI dataset (Figure 2B,E, left panels).

This non-monotonic (inverted U-shape) relationship between pupil diameter and sensitivity is consis-
tent with previous animal work on correlations between baseline arousal and behavior [6, 76]. However,
it was less consistent across the data sets analyzed in this paper than the negative linear effect of TPR on
decision bias. The consistent effect of TPR on decision bias has not been reported before in previous
studies of slow fluctuations of baseline pupil diameter. In what follows, we focus on the negative effect
of TPR on decision bias.

Most subjects were overall (i.e., without splitting trials by TPR) intrinsically biased to respond “no”:
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10 out of 14 subjects exhibited a significantly conservative criterion (within-subject permutation tests;
p<o.0s) in the fMRI data set, and 14 out of 21 subjects in the data set from [40]. Because signal+noise
and noise trials were equally frequent in both experiments, this bias was always maladaptive. Critically,
this maladaptive bias was particularly pronounced under low TPR; but under high TPR the bias was

nearly neutralized, especially in the fMRI data set (criterion around zero, and fraction of “yes”-choices
around o.s for highest TPR bins, Figure 2A,B).

1.2.3 A ROBUST EFFECT OF PHASIC AROUSAL ON THE DECISION COMPUTATION

A number of control analyses and experiments supported the idea that the negative correlation between
TPR amplitude and decision bias reflected a specific effect of phasic arousal on the decision computation
that generalized across perceptual choice tasks. First, the effect emerged during, not after, decision for-
mation: a sliding-window correlation between TPR and criterion became negative from decision onset
onwards, and reached statistical significance before button press (Figure 2C,F). In the fMRI data set, this
correlation was highly significant more than 8oo ms before button press (Figure 2C). Given the sluggish
nature of the pupil response (see above), the underlying central arousal transients must have occurred
even earlier than that, leaving substantial time for shaping the decision outcome.

Second, there was no robust association between baseline pupil diameter and decision bias (Figure 2—
figure supplement tA—D). This ruled out possible concerns that the effect might be due to corresponding
(opposite) associations between baseline pupil diameter and behavior, “inherited” by TPR through its
negative correlation with baseline pupil diameter [40].

Third, the effect of TPR on decision bias was robust with respect to the details of the analysis ap-
proach. For Figure 2, as for all other analyses reported in the main text, we removed (via linear regression)
components explained by RT. The rationale was to specifically isolate variations in the amplitudes of the
neural responses driving TPR, irrespective of RT, variations of which might also cause variations of TPR
amplitude without changes in the underlying neural response amplitudes (for details see Materials and
methods). We observed the same linear effect of TPR on bias without removing trial-to-trial variations

in TPR that were due to RT (Figure 2—figure supplement 1E-]).

1.2.4 PUPIL-LINKED BIAS REDUCTION IS A GENERAL PHENOMENON

Fourth, the effect of TPR on decision bias shown in Figure 2 generalized to other perceptual choice tasks,
which differed on several dimensions from the main contrast detection task used in this paper (Figure
3). In one follow-up experiment, we measured pupil-linked behavior during an auditory yes-no (tone-
in-noise) detection task near psychophysical threshold using the same stimuli as in [76] (see Materials
and methods). The only visual stimulus was a stable fixation dot. The decision interval contained only
auditory noise (the same asin [76]) on half the trials, and a pure sine wave superimposed onto the noise on

the other half of the trials. Again, TPR predicted a significant (linear) reduction in conservative decision
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Figure 3: Arousal-linked bias reduction generalizes to other choice tasks. (A) Perceptual sensitivity (d’; left) and decision bias, measured
as criterion (middle) or fraction of “yes”-choices (computed as for Figure 2A, right), for low and high TPR. Data points, individual subjects.
(B) Relationship between TPR and d’ or criterion (5 bins). Linear fits were plotted wherever the first-order fit was superior to the constant
fit (see Materials and methods). Quadratic fits were plotted wherever the second-order fit was superior to first-order fit. (C) Perceptual
sensitivity (d’, left) and decision bias, measured as absolute criterion (middle) or fraction of non-preferred choices (right), for low and high
TPR. For the fraction of non-preferred choices analysis, we ensured that each TPR bin consisted of an equal number of motion up and down
trials (see Materials and methods). (D) Relationship between TPR and d’ or absolute criterion (4 bins instead of 5, because of fewer trials
per subject, see Materials and methods). All panels: group average (N = 24 and N = 15); shading or error bars, s.e.m.; stats, permutation
test.

bias, and an increased tendency to respond “yes” (Figure 3A,B). TPR also exhibited a non-monotonic
relationship with sensitivity, as observed in rodents for baseline pupil diameter in [76].

Another follow-up experiment assessed whether the pupil-linked bias reduction observed above may
have been due to the asymmetric nature of the detection tasks (i.e., discriminating the presence from
the absence of a signal) or due to the absence of single-trial feedback. Symmetric two-alternative forced
choice tasks are commonly associated with weaker biases than yes-no detection tasks [24]. We used a
symmetric visual random dot motion (up vs. down) discrimination task near psychophysical threshold
with feedback after each trial (see Materials and methods). Although many subjects exhibited clear biases
for reporting one or the other direction, these were more evenly distributed around zero than in the
above yes-no tasks, in which the sign of the bias was largely consistent across individuals. Therefore,
we here analyzed subjects’ absolute criterion values (i.e., overall bias regardless of sign) and fraction of
non-preferred choices (i.e., the choice opposite to their general bias, irrespective of TPR). Again, TPR
predicted a reduction in absolute decision bias, and an increase in the fraction of non-preferred choices
(Figure 3C,D), analogous to the effects observed for the detection tasks above.

In sum, a number of analyses and experiments showed that pupil-linked, phasic arousal was consis-

tently associated with a monotonic reduction in perceptual decision biases in different sensory modalities
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and task protocols.

1.2.§ PHASIC AROUSAL PREDICTS A REDUCTION OF EVIDENCE ACCUMULATION BIAS

To further pinpoint the nature of the TPR-induced bias suppression, we fitted the drift diffusion model,
an established dynamic model of two-choice decision processes (Figure 4A; [25]) to subjects’ RT distribu-
tions from the main task (contrast detection). The drift diffusion model posits the perfect accumulation
of noisy sensory evidence towards one of two decision bounds, here for “yes” and “no” (Figure 4A).

We fitted the model separately for low and high TPR trials (see Figure 4B for an individual example).
Within the model, the TPR-induced reduction of conservative bias, evident in Figures 2 and 3, may have
been brought about by two distinct mechanistic scenarios: (i) the evidence accumulation process started
from a level closer to the “yes”-bound (i.e., a change in the “starting point” parameter); or (ii) the accumu-
lation process was driven more towards the “yes”-bound (i.e., a change in the “drift criterion” parameter).
The drift criterion is equivalent to an evidence-independent constant added to the drift. A non-zero drift
criterion results in a bias of the decision variable that grows linearly with time. Although clearly distinct
in nature, both mechanisms (starting point and drift criterion) would have resulted in an increase in the
fraction of “yes”-choices, and thus a reduction of decision bias. Critically, both mechanisms were distin-
guishable through their distinct effects on the shape of the RT distribution (Figure 4-figure supplement
1). To dissociate between these alternative mechanisms we fitted the model, while allowing several model
parameters (boundary separation, non-decision time, mean drift rate, starting point, and drift criterion)
to vary with TPR.

The model fits (see Materials and methods and [77]) supported the second mechanism: a change in
drift criterion. An individual example is shown in Figure 4B, and group data are shown in Figure 4C.
Drift criterion was generally negative, indicating an overall conservative accumulation bias towards the
bound for “no”-choices. But drift criterion was pushed closer towards zero under high TPR, indicating
an unbiased drift, as optimal for the current task (Figure 4B,C). The other main parameters (including
starting point and mean drift rate) were not significantly affected by TPR. The TPR-linked effect on drift
criterion was also evident in the individual point estimates from the fMRI sample only (Figure 4D).

Again, we we found no evidence for an effect on any parameter of the drift diffusion model when
comparing trials with low and high baseline pupil diameters (Figure 4-figure supplement 2A), and we
obtained qualitatively identical results without removing trial-to-trial variations of RT from the TPR
amplitudes (Figure 4—figure supplement 2B—D; Materials and methods).

As a control of the significance of the TPR-dependent effect on drift criterion, we re-fitted the model,
but now fixing drift criterion with TPR, while still allowing all other of the above parameters to vary with
TPR. In this variant of the model, we again found no TPR-dependent change in any of the other parame-
ters (boundary separation: p=0.428; non-decision time: p=0.370; starting point: p=o.117; mean drift rate:
p=0.361). Critically, model comparison favored the complete version of the model with TPR-dependent

variation in drift criterion (deviance information criterion, 50437 vs. 50528, respectively; see Materials and
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Figure 4: Phasic arousal predicts reduction of accumulation bias. (A) Schematic and simplified equation of drift diffusion model accounting
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an increased fraction of “yes”-choices with only a minor change of the mode of the RT distribution, consistent with a drift criterion effect
rather than a starting point effect (Figure 4-figure supplement 1). (C) Group-level posterior probability densities for means of parameters.
To maximize the robustness of parameter estimates [77], two data sets were fit jointly (the current fMRI and our previous study [40]; N =
35). Starting point (z) is expressed as a proportion of the boundary separation (a). (D) Drift criterion point estimates for low and high TPR
trials, separately for both data sets (N = 14 and N = 21, respectively). Data points, individual subjects; stats, permutation test. (E) Change
in fraction of “yes”- choices for low vs. high TPR trials, plotted against change in drift criterion. Data points, individual subjects.

methods). This implies that the TPR-dependent variability in accumulation bias was essential to account

for the TPR-dependent effects on behavior.

The individual changes in drift criterion between low vs. high TPR trials established by means of
diffusion modeling accounted for a substantial fraction of the individual differences in TPR-predicted

changes in the fraction of “yes”-choices (Figure 4E) obtained in the model-free analyses (Figure 24, D,
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right panels). TPR-related changes in starting point had a weaker, and statistically not significant, effect
on the fraction of “yes”-choices (fMRI data set: r=0.345, p=0.227; de Gee et al. (2014) data set [40]:
=0.419, P=0.059).

In sum, in the decision task studied here, pupil-linked, phasic arousal predicted a reduction of con-
servative bias, specifically in the evidence accumulation, and was neither reflected in the baseline level of
the decision variable at the start of the accumulation nor its mean drift. In other words, TPR accounted
for a portion of the trial-to-trial variability in the drift unrelated to the objective sensory evidence. This
correlate of phasic arousal at the algorithmic level was in line with the notion that phasic arousal shapes
decision outcome by interacting with the evidence accumulation computation that lies at the heart of the
decision process.

Taken together, the behavioral modeling results reported in Figures 2—4 put strong constraints on
the expected changes in cortical decision processing due to phasic arousal. Specifically, changes in the
encoding of the incoming evidence by sensory cortical areas, as observed in previous work on fluctuations
in baseline arousal levels [ 76,78, 79], would be associated with changes in perceptual sensitivity. However,
we found that TPR was not associated with any robust change in sensitivity (measured as d” or as mean
drift rate) in the fMRI dataset, thus, predicting no TPR-linked modulation of sensory responses in visual
cortex. Instead, the observed effect of TPR on choice bias (criterion, drift criterion) predicted a directed
shift (towards “yes”) in neural signals encoding subjects’ choices, in downstream cortical regions. We next
tested these predictions by assessing the relationship between TPR and (i) stimulus-specific responses in

early visual cortex, and (ii) choice-specific responses in downstream cortical regions.

1.2.6 PHASIC AROUSAL DOES NOT BOOST SENSORY RESPONSES IN VISUAL CORTEX

The fMRI response in early visual cortex (areas V1, V2, and V3) during near-threshold visual tasks is
made up of distinct components, including a (weak and focal) stimulus-specific component and a (large
and global) task-related, but stimulus-independent, component [80-82]. We used an approach based
on multi-voxel pattern analysis analogous to previous work [83, 84] to isolate the stimulus-specific re-
sponse component. Because the majority of visual cortical neurons encoding stimulus contrast are also
tuned to stimulus orientation, orientation-tuning could serve as a “filter” to separate the cortical stimu-
lus response from stimulus-unrelated signals. Specifically, the low contrast signal in our task should have
evoked a small response in each visual cortical neuron selective for the orientation of the target signal
(4s5°0r 135°, on different experimental runs, Figure 1A) across a substantial part of the retinotopic map.
Thus, the presence or absence of the target signal should be reliably encoded in the orientation-specific
component of the cortical population response, within the retinotopic sub-region corresponding to the
signal. We first individually delineated these retinotopic sub-regions within each of V1-V3 (see Figure
sA for an example subject) and then quantified the orientation-specific response component therein as
the spatial correlation of multi-voxel response patterns with an orientation-specific “template” (Materials

and methods).
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Figure 5: Phasic arousal does not boost sensory responses in visual cortex. (A) Map of fMRI responses during stimulus localizer runs
(see Materials and methods); example subject. V1-V3 borders were defined based on a separate retinotopic mapping session. “Stimulus
sub-regions”, regions with positive stimulus-evoked response; “surround sub-regions”, regions with negative stimulus-evoked response.
(B) Orientation-specific fMRI responses in “center” sub-regions of V1-V3, separately for signal+noise and noise trials, and separately for
low and high TPR trials. Statistical tests are reported in main text. Data points, individual subjects (N = 14); stats in main text.

As expected, this orientation-specific response component differed robustly between signal+noise and
noise trials (Figure sB). A 2-way repeated measures ANOVA with factors stimulus and TPR bin yielded a
highly significant main effect of stimulus for V1, V2, and V3 (V1: F1,13 = 303.5, Va: F1,13 = 646.3, V3: F1,13
= 316.6; all p<o.oor).

The orientation-specific response component also reliably discriminated between signal+noise and
noise trials on a single-trial basis (Figure s—figure supplement 1). Consequently, we henceforth refer to
this component as the “stimulus-specific response”. However, the stimulus-specific response was not
boosted under high TPR (Figure sB, no significant main effect of TPR, nor stimulus x TPR interaction
in any of V1-V3).

1.2.7 NO EVIDENCE FOR AROUSAL-DEPENDENT BOOST OF SENSORY RESPONSES IN ANY CORTICAL
AREA

The above analysis focused on the stimulus-specific response in early visual cortex. To avoid missing
TPR-dependent modulations of sensory responses in higher cortical regions, we also mapped out modu-
lations of fMRI responses by TPR across cortex (see Materials and methods). Various regions including
visual, parietal, prefrontal, and motor cortices exhibited robust task-evoked overall tMRI responses (i.e.,
difference between the decision interval and baseline; Figure 6A), as well as robust modulations by TPR
(Figure 6B), whereby TPR-induced boosts only partly overlapped with the task-positive responses.

However, in no single region did the overall fMRI responses differ between signal+noise and noise
trials (Figure 6C). This indicates that our multi-voxel pattern approach described above was, in fact, es-
sential for detecting the weak cortical response to the near-threshold target signals. Critically, in no region
did we find a significant interaction between the factors stimulus (signal+noise vs. noise) and TPR (low
vs. high TPR; Figure 6D).

Taken together, both complementary analyses showed that phasic, task-evoked arousal signals did not
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Figure 6: Cortex-wide fMRI correlates of phasic arousal and stimulus. (A) Functional map of task-evoked fMRI responses computed as
the mean across all trials. (B) As panel A, but for the contrast high vs. low TPR trials. (C) As panel A, but for the contrast signal+noise vs.
noise. (D) As panel A, but for the interaction between TPR (2 levels) and stimulus (2 levels). All panels: functional maps are expressed as
t-scores computed at the group level (N = 14) and presented with cluster-corrected statistical threshold (see Materials and methods).

modulate cortical responses encoding the presence of the low-contrast signal. This is in line with the lack

of TPR-linked change in perceptual sensitivity in the fMRI dataset (Figure 2A, Figure 4D).

1.2.8 PHASIC AROUSAL MODULATES CHOICE-SPECIFIC SIGNALS IN FRONTAL AND PARIETAL COR-

TEX

We then sought to test for directed shifts in neural signals encoding subjects’ choices under high TPR,
which would be in line with the changes in decision biases identified by behavioral modeling. Here, we
use the term “choice-specific” to refer to fMRI-signals that reliably discriminated between subjects’ choice
(“yes” vs. “no”). Two complementary approaches delineated several cortical regions that exhibited such
choice-specific signals (Figure 7). The first approach (Figure 7A) was based on the lateralization of fMRI
responses with respect to the motor effector used to report the choice (i. e., response hand; see [26, 85] and
Materials and methods). In addition to the hand area of primary motor cortex (henceforth referred to as
M), this approach yielded reliable effector-specific lateralization also in two regions of posterior parietal
association cortex: the junction of the intraparietal and postcentral sulcus (IPS/PostCeS) and the ante-
rior intraparietal sulcus (aIPSt; Figure 7A and Figure 7-figure supplement 1A,B). The second approach
(Figure 7B) was based on multi-voxel pattern classification of choice, using a “searchlight” procedure that
scanned the entire cortex for choice information (see [86, 87] and Materials and methods). The under-
lying rationale was to identify cortical regions encoding choice in other formats (e.g., in terms of more
fine-grained patterns) than the hemispheric lateralization of response amplitudes. The second approach
revealed robust (and reproducible) choice-specific response patterns in a number of additional regions in

bilateral posterior parietal cortex and (right) prefrontal cortex: superior and inferior parietal lobule (SPL
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and IPL, respectively), a second region within aIPS (aIPS2), posterior insula (pIns), the junction of pre-
central sulcus and right inferior frontal gyrus (PreCeS/IFG) and right medial frontal gyrus (MFG; Figure
7B and Figure 7-figure supplement 1C, D). In both approaches, choice specific regions were delineated

after factoring out the physical stimulus (see Materials and methods).

In all the above choice-encoding regions, responses (estimated in a cross-validated fashion, see Materials
and methods) reliably differentiated between “yes”- and “no”-choices — both on average (Figure 7-figure
supplement 1E,F) and at the single-trial level (Figure 7C, see also Figure 7-figure supplement 1G). As
expected, the single-trial reliability of the choice-specific responses differed between cortical regions (1-
way repeated measures ANOVA with factor region of interest (9 levels): F8,104 = 30.20, p<o.oor), with
the strongest reliability for Mi (dashed horizontal line in Figure 7C), the region closest to the subjects’

motor output.

For analysis of the association with TPR, we pooled the choice-specific signals of these different re-
gions into three groups (Figure 7—figure supplement 1A): the motor end stage of the decision process
M, the combined “lateralization signal” (i.e., regions from Figure 7A excluding M), and the combined
“searchlight signal” (i.e., all regions from Figure 7B). Critically, as predicted, the combined choice-specific
signals, but not the Mi response, were significantly pushed towards the “yes”- choice (i.e., more positive
in Figure 7D) for high compared to low TPR. The effect of TPR differed by cortical signal (2-way re-
peated measures ANOVA with factors signal type (3 levels) and TPR bin (2 levels); interaction: F2,26
= 7.30, p=0.003). Specifically, the difference of the choice-specific signals between low and high TPR
was significantly larger for the combined lateralization signal and the combined searchlight signal than
for M1 (combined lateralization signal vs. M1: p=o.015; combined searchlight signal vs. M1: p=0.004;

permutation tests).

Because subjects’ mean accuracy was about 74% correct, their choices were partially correlated with the
physical stimulus (i.e., signal+noise vs. noise trials). Consequently, the choice-specific cortical responses
were also (weakly) predictive of the stimulus (Figure 7-figure supplement 1H). To isolate variations in
the amplitude of the choice-specific response that were independent of the stimulus, we removed (via
linear regression) components explained by the stimulus and quantified the effect of TPR on the residual
choice-specific cortical signals. Fitting the linear model to the combined choice-specific responses yielded
highly significant TPR coefhicients, for both the combined lateralization and combined searchlight signals
(Figure 7E, middle and right panel). By contrast, the TPR-linked modulation was absent in the end stage
region M (Figure 7E, left panel).

In sum, a number of fronto-parietal cortical regions exhibited signals that reliably encoded subjects’
behavioral choice and were robustly modulated by phasic arousal, with a larger tendency towards the
“yes”-choice under high TPR. This was true even when factoring out the effect of the sensory evidence

(i.e. presence of the target signal).
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Figure 7: Phasic arousal predicts change of cortical decision signals. (A) Conjunction of session-wise maps of logistic regression coefficients
of choice against fMRI lateralization (see Figure 7-figure supplement 1A for individual sessions). Tested against 0.5 at group level; red
outlines, ROIs used for further analyses. (B) Conjunction of session-wise maps of searchlight choice classification precision scores (see
Figure 7-figure supplement 1C for individual sessions). Tested against 0.5 at group level; red outlines, ROIs used for further analyses. (C)
Choice-predictive indexes for choice-specific responses (“yes” vs. “no”, irrespective of stimulus; see Materials and methods and Figure
7-figure supplement 1G). Dashed line, index for M1, which can be regarded as a reference given the measurement noise. Data points,
individual subjects. (D) Choice-specific responses, obtained through mapping lateralization (M1 and the combined “lateralization signal”,
i.e., regions from Figure 7A excluding M1; see Materials and methods) and through searchlight classification (combined “searchlight signal”,
i.e., all regions from Figure 7B), for low and high TPR trials. Data points, individual subjects. (E) Correlation between TPR and M1 (left),
or the combined “lateralization signal” (middle), or the combined “searchlight signal” (right) (5 bins). In all cases, the effect of the physical
stimulus was removed (see Materials and methods). Shading or error bars, s.e.m. All panels: group average. (N = 14); stats, permutation
test.

1.2.9 TASK-EVOKED PUPIL RESPONSE ARE PREDICTED BY RESPONSES IN A NETWORK OF BRAIN-

STEM CENTERS

Finally, we aimed to identify brainstem regions whose task-evoked responses were (i) linked to the trial-
to-trial fluctuations of TPR, and (ii) accounted for the trial-to-trial modulation of subjects’ evidence ac-
cumulation bias, and the resulting tendency to choose “yes”. Previous work from monkey physiology
has implicated three brainstem nuclei in particular in the control of TPR: the locus coeruleus (LC), the
inferior colliculus (IC), and the superior colliculus (SC), respectively [3s, 36, 88]. Here, we exploited the

wide coverage of our fMRI measurements to concurrently monitor responses across a wider brainstem
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network, including a number of other nuclei implicated in central arousal: the dopaminergic substantia
nigra (SN) and ventral tegmental area (VTA), as well as the (partly) cholinergic basal forebrain (BF). We
further subdivided the BF region into the partincluding cell groups within the septum and the horizontal
limb of the diagonal band (BF-sept) and the sublenticular part (BF-subl). BF-subl contains cholinergic
neurons with widespread ascending projections [89], which are involved in the regulation of cortical
arousal state [9, 11]. Our analysis approach minimized the effect of physiological noise on the brainstem
fMRI responses, including removal of the fourth ventricle signal (see Materials and methods). We also
verified that the fourth ventricle signal was unrelated to TPR (Figure 8-figure supplement 1D,E). The
LC region of each subject was delineated through independent structural scans (Figure 8A, and Figure
8—figure supplement 1A; for details see Materials and methods).

The LC region exhibited a robust positive response on high TPR trials and a trend towards deactiva-
tion onlow TPR trials (Figure 8B—D, and Figure 8—figure supplement 1C). The same pattern was evident
for both signal+noise and noise trials separately (Figure 8C). The association to TPR was also highly sig-
nificant in the most spatially specific definition of the LC region afforded by our measurements: evaluat-
ing only the two fMRI voxels with the largest probability of containing the individual LC region (Figure
8D, and see Materials and methods). Fluctuations of task-evoked fMRI responses measured in the LC
were also robustly coupled to fluctuations in TPR amplitude at the single trial level (Figure 8F,H).

Similar to the LC region, we found a robust difference between low and high TPR conditions for ftMRI
responses in the SC and VTA regions (Figure 8E,F, and Figure 8—figure supplement 1B,C). Mapping the
trial-to-trial correlations between TPR and brainstem fMRI responses at the single-voxel level yielded
robust coupling to TPR in the LC, SC, VTA and as well as in BF-subl regions (Figure 8F).

As expected from the anatomical connectivity between brainstem centers [90—92], the trial-to-trial
fluctuations of the task-evoked responses were significantly correlated among a number of these brain-
stem nuclei (Figure 8G). Removing components of the trial-to-trial fluctuations in TPR and fMRI re-
sponses shared with the other ROIs yielded significant residual (i.e., partial) correlations between TPR
and responses in SC, LC region, VTA and BF-subl (Figure 8H). This indicates robust and unique contri-
butions of these four nuclei to TPR.

Phasic brainstem responses during decision tasks might be driven by top-down signals from anterior
cingulate cortex (ACC), which sends descending projections to the LC [6] and other brainstem nuclei. In
line with this notion, trial-to-trial fluctuations of both LC responses and TPR were robustly correlated

to trial-to-trial fluctuations of task-evoked responses of the ACC (Figure 8I).

1.2.10 TASK-EVOKED RESPONSES IN NEUROMODULATORY CENTERS, BUT NOT THE COLLICULI, PRE-

DICT SUPPRESSION OF EVIDENCE ACCUMULATION BIAS

The task-evoked responses in the neuromodulatory nuclei, but not the colliculi, were tightly linked to the
inferred decision computation and subjects’ overt choice behavior. We computed the combined “neuro-

modulatory brainstem signal” as the linear combination of responses from LC, VTA, SN, and BF that
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split by signal+noise and noise trials. (D) As panel B, but for the 2 voxels with highest probability of containing the LC. (E) As panel B, but
for SN, VTA, and two BF-ROls. (F) Map of single-trial correlation between TPR and evoked fMRI responses (tested against O at group
level). Yellow outlines, brainstem nuclei from probabilistic atlases. (G) Matrix of correlations between evoked brainstem fMRI responses.
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to TPR; see Materials and methods; left), and the combined colliculi signal (linear combination of responses in SC and IC maximizing the
correlation to TPR; right) (5 bins). Stats, permutation test. (B) As panel A but for the correlation to fraction of “yes”-choices. (C) Group-level
posterior probability densities for means of parameters in the DDM regression model, through which we assessed the trial-by-trial, linear
relationship between single-trial drift and the combined neuromodulatory response or the combined colliculi response (see Materials and
methods; see Figure 9-figure supplement 1 for the remaining parameters “starting point”, “boundary separation” and “non-decision time").
All panels: group average (N = 14); shading or error bars, s.e.m.

maximized the correlation to TPR (Materials and methods; correlation coefficient across subjects, 0.146
(*o.014 s.e.m.)). The amplitude of this combined signal predicted a significant reduction in conservative
decision bias (Figure 9A), and an increased tendency to choose “yes” (Figure 9B), but no change in sen-
sitivity (Figure 9—figure supplement 1A). This pattern of effects was absent for the combined “colliculi
signal” (Figure 9A,B), a linear combination of responses from SC and IC that maximized the correlation
to TPR (correlation coefficient across subjects, 0.092 (+o.o11s.e.m.)). Further, the trial-to-trial variations
in the strength of the combined neuromodulatory (but not colliculi) response robustly pushed the trial-
to-trial drift towards the “yes”-boundary, in effect reducing the overall negative drift criterion (Figure 9D,
see Materials and methods for details).

In sum, trial-to-trial fluctuations in TPR were predicted by fluctuations in the task-evoked responses
of a network of brainstem regions, most notably the LC, VTA and SC. Despite the expected coupling
between these and other brainstem regions (Figure 8G), TPR carried robust LC-, SC-, and (less strongly)
VTA-specific components (Figure 8H). But only the responses of the neuromodulatory ROIs, not of the
colliculi, accounted for the concomitant reduction of the bias in evidence accumulation and the resulting
behavioral choice patterns. These results establish a tight link between phasic neuromodulator release

and the dynamics of evidence accumulation.
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1.3 DiscussioNn

Intrinsic variability in the face of uncertain evidence is a pervasive feature of decision-making [1, 2, 4, 5].
Most current models of choice treat this intrinsic behavioral variability as a nuisance to be accounted for
by additional “noise parameters” [18, 25]. Other theories have proposed that the behavioral variability
may be due to hidden, but systematic, biases in the decision process s, 67]. Here, we present evidence
that helps reconcile these ideas. We found that a significant component of choice variability was explained
by trial-to-trial variations in the amplitude of task-evoked, pupil-linked arousal responses. Specifically,
pupil-linked arousal responses accounted for trial-to-trial variations in the bias of the evidence accumu-
lation process as well as decision-related cortical population signals: under large phasic arousal conser-
vative biases were reduced. The implication is that, without monitoring arousal responses, the associ-
ated, systematic variations in accumulation bias would appear as random trial-to-trial variability in the
accumulation process (i.e., drift). Going further, we established that the dynamic bias suppression was
explained by responses in a network of neuromodulatory brainstem systems controlling cortical arousal
state. Taken together, our results are consistent with a scenario in which phasic neuromodulatory activ-
ity during decision-making optimizes choice behavior through a suppression of maladaptive biases in the

evidence accumulation process.

130 CHALLENGES AND LIMITATIONS OF BRAINSTEM FMRI

Imaging the brainstem with fMRI is challenging [93-96] because this region is prone to physiological
noise artifacts [95], and brainstem nuclei tend to be small relative to the spatial resolution of standard
fMRI measurements. For example, although the adult human LC is an elongated structure of approx-
imately 15 mm length along the rostro-caudal axis, its diameter is only a few millimeters, as assessed by
high-resolution MRI (Figure 8 A and Figure 8—figure supplement1A) [97, 98]. Our study addressed these
challenges by following the recommendations of Eckert and colleagues [99]: We (i) delineated the LC in
each brain, based on individual (neuromelanin-sensitive) structural MRI scans; (ii) performed fMRI tai-
lored to the anatomical layout of the LC while maximizing functional signal-to-noise ratio (SNR), by
using an in-plane spatial resolution of 2x2 mm and 3 mm thick slices that were oriented perpendicular
to the longitudinal extent of the LC; (iii) performed no spatial smoothing of these functional data; and
(iv) rigorously removed measured cardiac and respiratory signal components, as well as residual fourth
ventricle signal, which have been identified as a major source of uncertainty regarding previous fMRI
work on the LC [93]. The resulting time-course of task-evoked fMRI responses exhibited the standard
features of hemodynamic responses (Figure 8B—E), and correlations to pupil responses that are largely
consistent with single-unit physiology in monkeys (see below). Taken together, the brainstem responses
in Figures 8 and 9 likely reflect true neural signal from brainstem nuclei, rather than physiological noise.
However, there is some inevitable uncertainty regarding the spatial specificity of our measurements. Due

to the lower spatial resolution of fMRI images, the co-registration between functional and structural im-
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ages, and the point spread of the hemodynamic response, each fMRI voxel is likely to sample activity from
brain tissue neighboring the nuclei depicted as the regions of interest (e.g., LC). Consequently, we do not
conclude that the LC responses in Figure 8B—D reflect the activity of noradrenergic neurons only; such
a conclusion would require single-unit measurements. The focus of our conclusions instead lies on the
distribution of pupil and behavioral correlations across different brainstem structures, which provides

an important complement to targeted single-unit measurements.

1.3.2 BRAINSTEM CORRELATES OF PUPIL DILATION AND DECISION BIAS

Despite the above-mentioned limitations, the overall distribution of pupil-linked brainstem responses
shown in Figure 8F meaningfully follows the outlines of key candidate structures, in a fashion that is
largely consistent with monkey physiology, and a previous human study on fMRI correlates of fluctu-
ations in baseline pupil diameter [34]. Our approach also identified so-far unknown effects. Previous
monkey physiology has established significant coupling of pupil responses to responses of the LC, SC,
and IC [35, 36, 88], but not yet for dopaminergic and cholinergic structures (i.e., SN, VTA, and BF). The
ability to monitor all of the above brainstem regions at once enabled quantification of their trial-to-trial
correlation structure, and hence isolating the contributions that were unique to each region. This re-
vealed that (i) many brainstem nuclei co-fluctuated during the decision task and that (ii) not only the LC
and SC, butalso the VTA and sublenticular part of the BF each made robust and specific contributions to
task-evoked pupil dilations, over and above those shared with other brainstem centers (Figure 8H). Thus,
the noradrenergic, cholinergic and dopaminergic systems are all phasically, and to some extent indepen-
dently, recruited during challenging decision tasks, and jointly shape the concomitant changes in arousal
state. Our findings provide a basis for a more comprehensive neurophysiological interpretation of results
from cognitive pupillometry studies in humans.

Most importantly, we also established that only a subset of those brainstem nuclei exhibiting robust
correlations with pupil responses were also predictive of the trial-by-trial suppression in decision bias.
The latter effect was solely accounted for by responses in the (noradrenergic, dopaminergic, and cholin-
ergic) neuromodulatory nuclei with diffuse projections to cortex, but not by responses in the superior
or inferior colliculi. This indicates that the phasic release of neuromodulators in the brain, possibly a
combination of different neuromodulators, is key for behavioral correlates of phasic arousal identified

here.

1.3.3 PHASIC VERSUS TONIC AROUSAL EFFECTS

A number of recent studies have characterized the relationship between tonic arousal levels (measured
through baseline pupil diameter) and cortical state [76, 78, 79, 100]. Other studies have characterized the
relationship between tonic arousal levels and behavioral performance [76, 1o1]. The comparison between
this previous work and ours points to possible differences between the functional correlates of tonic

arousal levels and phasic, task-evoked changes in arousal. We found that phasic, task-evoked arousal re-
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sponses were primarily linked to decision bias, at both, the algorithmicand cortical levels. By contrast, the
above studies of tonic arousal levels have revealed effects on the quality of sensory cortical responses and
behavioral sensitivity to sensory evidence [11]. While we also found some evidence for non-monotonic
(inverted U-shape) relationships between phasic arousal and sensitivity, the dominant and most consis-
tent link was a monotonic and approximately linear relationship between phasic arousal and decision
bias. Candidate factors accounting for these apparent differences between the functional correlates of
phasic and tonic arousal might be the dynamics of the underlying neuromodulatory effects on cortical
circuits, or the different combination of neuromodulatory systems involved. It will be instrumental to

track TPR-linked changes in brainstem and cortical state in real time in future work.

1.3.4 POST-DECISIONAL VERSUS INTRA-DECISIONAL DRIVE OF PHASIC AROUSAL

One account holds that the phasic arousal signals (specifically, phasic responses of the noradrenergic LC)
are triggered by the bound-crossing in one of the cortical accumulator circuits; the resulting transient and
cortex-wide neuromodulator release then facilitates the translation of the choice into a motor act [6]. An
alternative idea [30], supported by indirect evidence [ 40, 43], is that arousal systems are already recruited
before the bound-crossing, throughout the evidence accumulation process. In line with the latter notion,
we found that task-evoked pupil responses are driven most strongly by a sustained central input through-
out decision formation, not only after commitment to a choice. This finding has potentially important
implications for the functional role of phasic arousal in decision processing. The finding indicates that
at least one of the brainstem nuclei linked to pupil responses was, likewise, activated in a sustained fash-
ion throughout decision formation. The resulting neuromodulatory transients might alter the state of
brain regions involved in decision computations as the decision unfolds, provided that the accumulation
operates on timescales of seconds or longer. Because the tasks used in previous animal physiology studies
of task-related LC responses involved much faster decision processes than the one studied here (reaction
times of about 0.5 s vs. 2 s, respectively), it remains unknown whether the more sustained, task-evoked
responses also occur in noradrenergic neurons (but see [36]). Sustained responses encoding reward un-
certainty have been observed in dopaminergic neurons in the VTA [102], one of the structures whose
task-evoked responses predicted pupil responses. Future electrophysiological studies should determine
the time course of task-related activation in the different nuclei of the brain’s arousal network during

sensory-motor decisions involving protracted evidence accumulation [103].

1.3.§ How DO DIFFUSE NEUROMODULATORY SIGNALS TRANSLATE INTO SPECIFIC EFFECTS ON CHOICE

BEHAVIOR?

One notable aspect of our findings is that the functional correlates of neuromodulatory responses were
specific for a particular choice option (see Figure 9). Also in the context of learning, the interplay between
pupil-linked arousal and competitive cortical circuitry has been found to translate into specific effects on

cognition and behavior [104].
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A scenario consistent with our results is that phasic neuromodulator release alters the relative strength
of information flow between cortical processing stages, suppressing “top-down” relative to “bottom-up”
signals [57—-61]. In perceptual decisions like the ones studied here, early sensory cortices provide bottom-
up sensory likelihood signals, while top-down signals might encode prior beliefs [57, 62]. Thus, through
a relative suppression of “top-down” signal flow, phasic arousal might reduce the weight of the prior
(reflecting subjects’ intrinsic bias) relative to the likelihood. Specifically, in our yes-no task, the prior may
have been a conservative bias for choosing “no”. Reducing its weight would reduce this bias. Such an
increase in the relative weight of bottom-up signals might be implemented by synaptic gain modulation
through neuromodulators. This gain modulation, in turn, might depend on the precision (inverse of
uncertainty) of incoming sensory data [57, 105].

The above scenarios postulate a uni-directional effect of neuromodulatory transients on cortical deci-
sion computations. However, this interaction may also be bi-directional, with trial-to-trial fluctuations
of cortical decision signals driving fluctuations of phasic arousal responses [6, 30]. Specifically, phasic LC
responses may be driven by specific cortical regions (e.g., the ACC), which compute the ratio of the pos-
terior probability of target presence over the (estimated) prior probability of target occurrence [30]. The
resulting phasic norepinephrine release across cortex might reset cortical networks [31] and interrupt the
(default) state encoding the prior [30]. In a yes-no task such as ours, a tendency towards the “no”-option
may correspond to the default state for conservative subjects, and a phasic arousal signal is generated
when decision-related neural activity ramps towards “yes”, facilitating the transition of the entire cortical

system towards that non-default state.

1.3.6 CONCLUSION

Our findings establish that phasic task-evoked pupil responses during the formation of sensory-motor
decisions reflect responses of a network of neuromodulatory brainstem centers including the noradrener-
gic LC. Phasic, pupil-linked arousal alters choice-encoding population signals in parietal and prefrontal
association cortices. Phasic arousal in general, and neuromodulatory brainstem responses in particular,
explain a dynamic reduction in decision-makers’ bias towards one particular choice. The resulting trial-to-
trial variability of decision bias accounts for a significant component of the intrinsic behavioral variability:
when decisions are made in the face of uncertainty, tracking phasic arousal signals may be just as impor-

tant for predicting choice behavior as tracking the objective evidence gathered from the outside world.

1.4 MATERIALS AND METHODS

1.4.1 SUBJECTS

We report analyses of four independent data sets, from behavioral tasks described in the subsequent sec-

tion. All subjects had normal or corrected-to-normal vision and gave written informed consent. Subjects
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received ers per hour (all visual tasks) or research credit (auditory task) for their participation. The ethics
committee of the Psychology Department of the University of Amsterdam approved the experiments.

Fifteen healthy subjects (5 females; age range, 22—35 y) participated in the main experiment of this study,
entailing concurrent pupillometry and brainstem as well as cortical tMRI recordings. Here, each subject
participated in several fMRI sessions: one to define retinotopically organized visual cortical areas (75 min)
and two sessions (three for one subject) for the main experiment (about 2 hr per session). Three subjects
were authors, and the remaining 12 subjects were naive to the purpose of the study. The results were
unchanged when excluding the three authors (see Author response, online) and the one subject who
performed three sessions (and more trials; see section Bebavioral tasks) of the main experiment. One
(male) subject was excluded from the analyses because the stimulus software did not receive the triggers
from the MRI scanner in two sessions (the age range remained the same).

We also re-analyzed the 21 subjects from an existing behavioral data set, for which we had previously
published different analyses [40] (Figure 2, Figure 2—figure supplement 1, Figure 4 and Figure 4-figure
supplement). In that experiment, 23 subjects had performed a yes-no visual contrast detection task with
trial structure analogous to that of the fMRI experiment, enablingjoint fitting of the drift diffusion model
to both data sets using a hierarchical Bayesian procedure (see below). To this end, we excluded the two
subjects from the [40] data set who had also participated in the current fMRI experiment, keeping the
two samples independent.

Finally, 24 subjects (20 females; age range, 1923 y) performed an auditory tone-in-noise detection task
(Figure 3A,B), and 15 subjects (six females; age range, 23-37 y) performed a visual random dot motion

discrimination task (Figure 3C,D).

1.4.2 SAMPLE SIZES

The sample sizes were determined based on a number of criteria: (i) the assessment of the behavioral
correlates of TPR obtained in a previous study [40]; (ii) the need to obtain as many trials as possible from
each individual (necessary for detailed modeling of choice behavior as a function of TPR within subjects
ata first level, before second-level statistics; Figures 2—4); and, in the case of fMRI, (iii) the need to obtain
detailed retinotopic maps per individual from a separate scanning session (Figure s), as well as robust maps
of choice-specific activity by means of conjunction across two sessions of the main experiment (Figure 7,
and Figure 7-figure supplement 1). Taken together, these criteria prioritized obtaining a large amount of
data (and experimental sessions) from each participant, which was traded off against the total number of

participants.

1.4.3 BEHAVIORAL TASKS

MAIN TASK: VISUAL CONTRAST DETECTION (YES-NO)  Each trial began with the central fixation dot
turning green and consisted of three consecutive intervals (Figure 1A): (i) the baseline interval (2 s; con-

taining only noise); (ii) the decision interval, the start of which was signaled by the occurrence of a tone
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(200 ms duration) and which was terminated by the subject’s response (or after a maximum duration of
3.5 s); (iii) the inter-trial interval (ITT), which consisted of a dark grey fixation dot on an otherwise blank
screen and was uniformly distributed between 4 and 12 s.

A dynamic noise pattern (refresh rate: 60 Hz) was presented throughout the trial. The luminance
across all pixels was kept constant. This pedestal noise pattern had 10% contrast and was refreshed on
each frame. On one half of trials (“signal+noise” trials), a sinusoidal grating (five cycles per degree) was
superimposed on the visual noise for the entire decision interval, from the onset of the auditory cue to
the subject’s motor response (Figure 1A). The other half of trials (“noise” trials) contained no target signal
during the decision interval. Signal presence was randomly selected on each trial, under the constraint
that it would occur on 50% of the trials within each block of 40 trials. All stimuli were presented in a
Gaussian annulus, with an average distance (£SD) to fixation of 1.8 (0.6) degrees (Figure 1A). In different
blocks, the target grating, if present, was tilted 45°(clockwise, CW) or 135°(counter-clockwise, CCW). To
minimize uncertainty, subjects were informed about the orientation of the target before each block, by
means of a full-contrast presentation of the target signal.

Subjects were instructed to report the presence or absence of the signal by pressing one of two response
buttons with their left or right index finger, once they felt sufficiently certain (free response paradigm).
The mapping between perceptual choice and button press (e.g., “yes” —> press right key; “no” —> press
left key) was counterbalanced across subjects. At the end of each block of 4o trials subjects were informed
about their performance.

Throughout the main experiment, the contrast of the target signal was fixed at alevel that yielded about
75% correct choices. Each subject’s individual threshold contrast was determined before the main experi-
ment in the MRI scanner (during anatomical scans), using an adaptive staircase procedure (Quest). Here,
we used a two-interval forced choice variant of the contrast detection task (one interval: signal+noise, the
other: noise). The corresponding threshold contrasts yielded a mean accuracy of 73.79% correct (£1.32%
s.e.m.) in the yes-no visual contrast detection task during fMRI. Subjects performed between 10 and 12
blocks (distributed over two scanning sessions), yielding a total of 400480 trials per subject. One subject
performed a total of 16 blocks (distributed over three scanning sessions), yielding a total of 640 trials.

Stimuli were back-projected on a transparent screen using a gamma-corrected LCD projector with a
spatial resolution of 1920 x 1200 pixels, run at a vertical refresh rate of 6o Hz. Subjects were supine in
the MRI scanner and viewed the screen from 120 cm via a mirror attached to the head coil. To minimize
any effect of light on pupil diameter, the overall luminance of the screen was held constant throughout

the experiment.

AUDITORY TONE DETECTION TASK (YES-NO) The trial structure was identical to that of the visual
contrast detection task described above, but without noise during the pre-decision interval baseline, and
with shorter ITIs (uniformly distributed between 1and 2. s). The decision interval consisted of an auditory

noise stimulus (as in [76]), or a pure sine wave (2 KHz) superimposed onto the noise (50% of trials each).
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These stimuli were presented from the onset of the auditory stimulus to the subject’s motor response.
Threshold volumes (in dB), determined beforehand via an adaptive staircase procedure, yielded a mean
accuracy of 73.41% correct (+0.90% s.e.m.). Auditory stimuli were presented using an IMG Stageline MD-
soooDR over-ear headphone, suppressing ambient noise. Subjects performed between 11 and 13 blocks
in the behavioral lab (distributed over two measurement sessions; same set-up as in [40]), yielding a total

of 1320-1560 trials per subject.

VISUAL MOTION DISCRIMINATION TASK (TWO-ALTERNATIVE FORCED CHOICE) The trial structure
was identical to that of the visual contrast detection task described above, but with fixed stimulus duration
(750 ms; interrogation protocol) and visual feedback at the end of each trial (green/red rectangle at fixation
to signal correct/error). An auditory white noise stimulus (250 ms) was played on 50% of the trials. The
mapping between perceptual choice and button press (e. g., “up” —> press right key; “down” —> press

left key) varied from session to session, counterbalanced within subjects.

Random dot motion stimuli (refresh rate: 120 Hz) were presented throughout the experiment in
a central annulus (outer diameter 16.8°, inner diameter of 2.4°) around the central fixation rectangle
(0.45°length). The annulus contained 524 dots all within one hemifield (half circle). Hemifield presen-
tation (left or right) changed across blocks and was counterbalanced across subjects and sessions. Dots
were o.15°in diameter and white, presented on a grey background. Dots were divided into “signal” and
“noise” dots, the proportion of which defined the motion coherence level. Outside the stimulus interval,
motion coherence was fixed to zero (pure noise). During the stimulus interval, signal dots moved at7.5°/s
in one of two directions (up or down), were randomly selected on each frame, had a lifetime of 10 frames,
and were re-plotted in random locations thereafter (reappearing on the other side when their motion ex-
tended outside of the annulus). Noise dots were randomly assigned to locations within the annulus on
each frame. Independent motion sequences (n = 3) were interleaved to prevent tracking of individual dots
[106]. Threshold motion coherence, determined beforehand via an adaptive staircase procedure, levels
yielded a mean accuracy of 88.86% correct (+1.49% s.e.m.) and 71.01% correct (£1.35% s.e.m..), respectively.
We collapsed across these two peri-threshold levels, to maximize statistical power, but we verified that the

effect found was analogous for both difficulty levels.

Subjects performed between 23 and 24 blocks (distributed over four sessions; same set-up as in the main
task, except that stimuli were presented on a 31.55” MRI compatible LCD display with a spatial resolution
of 1920 x 1080 pixels) yielding a total of 575—60o0 trials per subject. One subject performed a total of 18
blocks (distributed over three scanning sessions), yielding a total of 450 trials. Here, we analyzed only the
50% of trials without the auditory white noise stimulus (see above), which are comparable to the trials
from the other tasks. Data from one measurement session of one subject was excluded from the analyses

because of poor eye-tracker data quality.
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1.4.4 MAGNETIC RESONANCE IMAGING DATA ACQUISITION

For the main experiment, MRI data were acquired on a 3T Philips Achieva XT MRI scanner using a
32-channel head coil in two types of sessions: retinotopic mapping sessions (for defining the borders of
visual cortical areas V1-V3, see section Definition of regions of interest) and main experimental sessions.
In all sessions, cardiac cycle was monitored with a pulse oximeter attached to the left index finger, and
respiratory activity was recorded with a chest belt, for physiological noise removal. Both physiological
signals were recorded at a sampling rate of 496 Hz.

During the main experimental sessions, EPI images were acquired in 35 slices (thickness: 3.0 mm, no
gaps) oriented perpendicular to the floor of the fourth ventricle (i.e., perpendicular to the longitudinal
extent of the locus coeruleus [97], with the following parameters: TR =2 s, TE = 27.62 ms, flip angle =
76.1°, SENSE acceleration factor = 3.0. Images were acquired at an inplane resolution of 2.0 x 2.06 mm
and were reconstructed at a resolution of 1.79 x 1.79 mm. A structural Tt scan was acquired with an
MPRAGE sequence for anatomical co-registration and cortical surface reconstruction (voxel size: 1 X
1 x I mm, TR = 8.2 ms, TE = 3.73 ms, flip angle = 8°). An additional structural scan was acquired with
a T2-weighted sequence and higher resolution than the EPIscans (1 x 1 x 1.5 mm, TR = 5114 ms, TE =
12.5 ms, flip angle = 90°) to facilitate co-registration of EPI images and the high-resolution structural Tt
scan. Two turbo spin echo (TSE) neuromelanin-sensitive structural scans were acquired for delineation
of the LC [97, 98, 107], again oriented perpendicular to the floor of the fourth ventricle. The first (partial
field-of-view) TSE scan was obtained with the following parameters: 20 slices (1.5 mm, no gaps), in-plane
resolution: 0.7 x 0.88 (reconstructed at: 0.35 x 0.35 mm), TR = soo ms, TE = 10 ms, flip angle =
90°, covering the brainstem only. The second (whole-brain) TSE scan was obtained with the following
parameters: 35 slices (3 mm, no gaps), in-plane resolution: 1.96 x 2.0 (reconstructed at: 0.47 x 0.47
mm), TR = soo ms, TE = 10 ms, flip angle = 90°. Finally, field maps were acquired using two separate
acquisitions (voxel size: 2 X 2 X 2 mm3, TR = 11 ms, TE1 = 3.0, TE2 = 3.5, ms, flip angle = 8°).

During retinotopy sessions, EPI scans were acquired in 29 slices (thickness: 2. mm, with 0.25 mm slice
gaps) with the following parameters: in-plane resolution: 2.5x2.58 mm (reconstructed at2.5x2.5 mm),
TR =155, TE = 27.62 ms, flip angle = 70°, SENSE acceleration factor = 3.0. An additional structural scan
was acquired with a T2-weighted sequence and higher resolution than the EPIscans (1.25 x 1.25 x 1.25
mm with o.12 mm slice gaps, TR = 8390 ms, TE = 100 ms, flip angle = 90°) to facilitate co-registration of

EPIimages and the high-resolution structural Tt scan used for cortical surface reconstruction (see above).

1.4.5 EYE DATA ACQUISITION

Concurrently with the fMRI recordings, the left eye’s pupil was tracked (via the mirror attached to the
head coil) at 1000 Hz with an average spatial resolution of 15 to 30 min arc, using an EyeLink 1000 Long
Range Mount (SR Research, Osgoode, Ontario, Canada). The MRI-compatible (non-ferromagnetic)
eye tracker was placed outside the scanner bore, and it was calibrated once at the start of each scanning

session. The purely behavioral experiments were conducted in a psychophysics laboratory. Here, the left
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eye’s pupil was also tracked at 1000 Hz with an average spatial resolution of 15 to 30 min arc, using the

same EyeLink 1000 system (SR Research, Osgoode, Ontario, Canada).

1.4.6 ANALYSIS OF TASK-EVOKED PUPIL RESPONSES

PREPROCESSING  Periods of blinks and saccades were detected using the manufacturer’s standard algo-
rithms with default settings. The remaining data analyses were performed using custom-made Python
software. We applied to each pupil recording (i) linear interpolation of values measured just before and
after each identified blink (interpolation time window, from 150 ms before until 150 ms after blink), (ii)
band-pass filtering (third-order Butterworth, passband: 0.01-6 Hz), (iii) removal of pupil responses to
blinks and to saccades, by first estimating these responses by means of deconvolution and then removing
them from the pupil time series by means of multiple linear regression [108], and (iv) conversion to units
of modulation (percent signal change) around the mean of the pupil time series from each block. Filter-
ing (specifically the lower cutoft at 0.o1 Hz) was performed on both fMRI and pupil time series, ensuring

equal treatment of both signals to be correlated.

QUANTIFICATION OF TASK-EVOKED PUPILLARY RESPONSES (TPR)  We computed task-evoked pupil-
lary response (TPR) amplitude measures for each trial as the mean of the pupil diameter modulation val-
ues in the window -1 to 1.5 s from choice (same time window as in [40]), minus the mean baseline pupil
value during the o.5 s before the cue (i.e., decision interval onset) (Figure 1B). The sluggish hemodynamic
system and, to a lesser extent, the peripheral pupil apparatus [41, 109] act as temporal low-pass filters. As
a result, trial-to-trial variations in reaction time (RT; and thus, the duration of the task-related sustained
activity, see Figure 1D, and Figure 1-figure supplement 1A-C) can induce trial-to-trial variations of the
fMRI and TPR amplitudes, without changes in the amplitude of the underlying neural responses. In-
deed, there was a robust relationship between reaction time and TPR (Figure 1—figure supplement 1D).
Therefore, to specifically isolate trial-to-trial variations of underlying response amplitudes, variations due
to RT were removed via linear regression from both the TPR and fMRI responses. This was done for
all analyses reported in the main text. Hereby, RT was defined as the time from decision onset (cued
by tone) until the button press. To establish the robustness of the effects reported here we verified that
all pupil-linked behavioral results were evident also without removing RT-related components (Figure
2—figure supplement 1, and Figure 4-figure supplement 2,).

In the majority of analyses, trials were sorted by TPR amplitude and collapsed into three bins contain-
ing the lowest and highest 40% (which were used for analyses), as well as the intermediate 20% of TPR
amplitudes (Figure 1B,C). This achieved a trade-off between maximizing both (i) trial counts in the high
and low TPR bins and (ii) the disparity between the TPR amplitudes for both bins. In other analyses,
we used five equally populated bins of single-trial TPR amplitudes (Figure 1-figure supplement 1, Fig-
ure 2, Figure 2—figure supplement 1, Figure 3 and Figure 7). In Figure 3D, we used four bins because of

the lower trial count per subject in this data set after excluding the trials with the auditory white noise
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manipulation (see section Bebavioral tasks)

GENERAL LINEAR MODELING OF TPR We used a general linear modeling approach described in detail
in a previous paper [40] to estimate the relative contribution of three different putative temporal input
components to the peripheral apparatus controlling pupil motility [110]. We (i) cut the pupil time series
into single-trial epochs ranging from 1 s before cue to s s after cue, (ii) baseline-corrected each epoch by
subtracting the mean baseline pupil value during the o.5 s before cue, and (iii) concatenated these baseline-
corrected epochs into a new time series excluding large parts of the inter-trial intervals. The GLM was
then fit to this new, cleaned-up time series. The GLM consisted of the following transient events (Figure
1D, and Figure 1—figure supplement tA—C): cue (onset of decision interval) and the choice. The transient
corresponding to choice was placed at 0.24 s before button press, adopted from a report quantifying the
interval between phasic LC activity and behavioral response in a forced-choice task in monkey [47]. The
GLM also consisted of a sustained component in between the two transient events, which was modeled
as a boxcar function. We normalized the boxcar regressor by dividing the height of the boxcar by the
number of samples in that particular interval, such that this regressor had the same norm as the transient
regressors. Thus, estimated beta weights were comparable between both sets of regressors. Each regressor
was then convolved with a canonical pupil impulse response function (parameters taken from [41]), and
multiple regression yielded the best-fitting beta weights for each regressor type (i.c., temporal component

of the pupil response), separately for each subject.

1.4.7 ANALYSIS AND MODELING OF CHOICE BEHAVIOR

The first trial from each block and trials in which subjects failed to respond within the time limit of 3.5
s (see section Stimuli, task and procedure) were excluded from all analyses. RT was defined as the time
from decision interval onset (cued by tone) until the button press. In a model-free analysis, we computed
the fraction of “yes”-choices separately for two TPR bins (Figure 2, Figure 2—figure supplement 1, and
Figure 3. To ensure that each TPR bin consisted of the same number of signal+noise and noise trials, we
(i) sorted all trials of a subject into of four “cells” defined by the factors TPR (low and high) and stimulus
(signal+noise and noise), (ii) determined the lowest trial count across the four cells, (iii) randomly sam-
pled the same number of trials (without replacement) from the remaining cells, and (iv) computed the
fraction of “yes”-choices separately for the two TPR bins. We then repeated this procedure 1000 times
and averaged the results across all repetitions. The fraction of non-preferred choices (Figure 3C) was
computed in the same way, with the exception that the non-preferred choice was defined as the choice
opposite to the subject’s overall bias (towards up or down) calculated across all trials (i.e., irrespective of
TPR). We then modeled the effects of phasic arousal (as indexed by TPR) on choice behavior using two

approaches, which yielded converging results.
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SIGNAL-DETECTION THEORETIC (SDT) MODELING  Inafirstapproach, we computed the SDT-metrics
d’ and criterion [24] separately for multiple (two or five) bins of TPR (Figure 2, Figure 2—figure supple-
ment 1, and Figure 3) or combined brainstem response (Figure 9, and Figure 9—figure supplement ). We
estimated d’ as the difference between z-scores of hit- and false-alarm rates. We estimated criterion by
averaging the z-scores of hit- and false-alarm rates and multiplying the result by 1.

We used sequential polynomial regression analysis [111] to quantify the dependence of d” and criterion
on TPR. This procedure allowed us to systematically test whether TPR predominantly exhibited no
(zero-order polynomial), a monotonic (first-order polynomial), or a non-monotonic (second-order poly-
nomial) effect on the SDT metrics. The SDT metricy was modeled as alinear combination of polynomial

basis functions of s TPR bins:

yN,Bo +51TPR1+52TPR2 (1)

with £ as polynomial coefticients. The corresponding regressors were orthogonalized, and each model
was sequentially tested in a serial hierarchical analysis, based on F-statistics. This analysis was performed
at the group level, and it tested whether adding the next higher order model yielded a significantly better
description of the response than the respective lower order model. We tested models from the zero-order
(constant, no effect of TPR) up to the second-order (quadratic, non-monotonic). If the first-order model
was significantly better than the zero-order model at the group level, we fitted a linear model and tested
the corresponding linear correlation coefficients across the group. This was true for SDT criterion in
all cases, except Figure 3D, in which the linear expansion was only marginally significant; however, the
linear correlation was highly significant when tested across the group. If the second-order model was
significantly better than the first-order model at the group level, we fitted a quadratic model between
TPR and behavior for each subject and tested the second-order coefficients across the group. This was
true for SDT d” in some of the cases (Figures 2E and 3B).

Having established a robust first-order (monotonic) relationship between TPR and SDT criterion,
we then characterized the timing of this effect by means of a sliding window (linear) correlation analysis
over the interval from 1 s before cue to 3 s after response (window length: 250 ms, step size: 25 ms). We
computed separate, baseline-corrected TPR values (see section Qugntification of task-evoked pupillary
responses) for each position of the window. Per time window, we then sorted trials by the TPR-values
into five bins, and correlated these values with criterion estimates for the corresponding bins. This yielded

time courses of the correlation between TPR and criterion.

DRIFT DIFFUSION MODELING  In the second approach, we fitted the drift diffusion model [25] to RT
distributions for “yes”- and “no”-choices, separately for low and high TPR trials (Figure 4, Figure 4-
figure supplement 2). We fitted the model using the hierarchical Bayesian implementation of the HDDM
toolbox [77] (version 0.6). The group distribution constrains individual subject parameter estimates,

with a stronger influence when its variance is estimated to be small (for details of the procedure, see [77]).

44



Fitting the model to RT distributions for “yes”- and “no”- choices (termed “stimulus coding” in [77]),
as opposed to the more common fits of correct and incorrect choice RTs (termed “accuracy coding” in
[77]), was essential for estimating parameters that could have induced biases in subjects’ behavior.

We fit the model to the behavioral data from a total of 35 subjects: 14 subjects from the current fMRI
study, and 21 subjects from a previous study employing an analogous contrast detection task ([40]; see sec-
tion Subjects). Doing so improved the estimation of the group-level distribution over parameters, which
was used to constrain the individual subject parameter estimates. Specifically, the pooling was required
to jointly fit the parameters starting point and drift criterion, both of which can account for changes in
decision bias, but via different mechanisms, and are distinguishable through their distinct effects on the
shape of the RT distribution (Figure 4—figure supplement 1). In our fits, we allowed the following pa-
rameters to vary between low and high TPR: (i) the mean drift rate across trials; (ii) the drift criterion
(an evidence-independent constant added to the drift toward one or the other bound); (iii) the separa-
tion between both decision bounds (i.e., response caution); (iv) the starting point of the accumulation
process; (v) the non-decision time (sum of the latencies for sensory encoding and motor execution of the
choice). Drift rate variability is an additional parameter that was found to improve fits to empirical RT
distributions [25]. However, this parameter is prone to fit error [112] and we had no a priori hypothesis
about its relationship to phasic arousal. We therefore fit drift rate variability to all data (i.e., regardless of
TPR), to maximize robustness of our fits.

To test the robustness of the significance of the TPR-dependent effect on drift criterion, we re-fitted the
model, but now fixing drift criterion with TPR, while still allowing all other of the above parameters to
vary with TPR. Using deviance information criterion [113] for model selection, we compared whether the
added complexity of our original model was justified to account for the data. This is a common metric for
comparing hierarchical models, for which a unique “likelihood” is not defined, and the effective number
of degrees of freedom is often unclear [113].

Finally, we used the HDDM toolbox [77] to assess the trial-by-trial, linear relationship between the
combined neuromodulatory brainstem responses, the combined colliculi responses, and the drift (Figure
9C, Figure 9-figure supplement 1). We fitted a variant of the above-described model (Figure 4A) to RT
distributions for “yes”- and “no”-choices from the 14 subjects from the current fMRI study, but now

modeling the drift on each trial as the following linear combination:

v B+ BiS+ +M+ B C (2)

where v was the single-trial drift, S was a binary vector describing the stimulus identity (1, signal+noise;
-1, noise), M was a vector of the single-trial combined neuromodulatory brainstem response (see section
Quantification of task-evoked fMRI responses and correlation with TPR), C was a vector of the single-trial
combined colliculi response. The fit parameters quantified how the drift on single trials was affected by
the overall drift bias (i.e., mean drift criterion across trials, regardless of brainstem response, f,)), the overall

drift rate (i.e., mean stimulus-dependent drift across trials, £, ), and the neural responses of the combined
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neuromodulatory nuclei or colliculi (8, and ), respectively. The parameters starting point, boundary
separation, and non-decision time were also included in the model, but not as a function of either of the

combined brainstem responses.

1.4.8 ANALYSIS OF MRIDATA

MRI data were analyzed using custom-made software written in Python. A number of processing steps
relied on FSL [114] and FreeSurfer [115, 116].

PREPROCESSING  T1-weighted anatomical scans acquired at the beginning of each scanning session
were automatically segmented and inflated for visualization using FreeSurfer [115, 116]. We then applied
to the EPI scans (i) removal of non-brain tissue (brain extraction) using the BET tool in FSL, (ii) unwarp-
ing using a Bo field map and FUGUE (FMRIB’s Utility for Geometrically Unwarping EPI’s), (iii) image
realignment to compensate for small head movements [117] (for improved precision we used as the target
volume the high-resolution T2-weighted anatomical scan; the resulting up-sampled EPI scans were down-
sampled back to their original resolution), (iv) high-pass filtering to correct for baseline drifts in the signal
(Gaussian-weighted least-squares straight line fitting, with window size = so samples), and (v) conversion
to units of modulation (percent signal change) around the mean fMRI series. We concatenated all EPI
volumes preprocessed in that way across blocks within one scanning session. We applied physiological
noise correction using FSL PNM [95], an extended version of RETROICOR [118], whereby cardiac and
respiratory phases were assigned, separately for each slice, to each volume in the concatenated EPI image
time series.

Our complete physiological noise regression model included 34 physiological noise regressors [95]: 4th
order harmonics to capture the cardiac cycle, 4th order harmonics to capture the respiratory cycle, 2nd or-
der harmonics to capture the interaction between the cardiac and respiratory cycles, 2nd order harmonics
to capture the interaction between the respiratory and cardiac cycles, one regressor to capture heart rate,
and one regressor to capture respiration volume. These 34 noise predictors, plus two for fMRI responses
to eye-blinks and saccades (obtained by convolving blink and saccade events with a canonical hemody-
namic impulse response function), were regressed against the time series of EPI volumes using multiple
linear regression. The residual (i.e., noise-corrected) time series were used for all further analyses.

Subsequent analyses proceeded along two separate pipelines: (i) in functional space, by extracting re-
sponses from several, specifically delineated regions of interest (ROIs); or (ii) in anatomical space, as voxel-
wise functional maps. The procedures for the delineation of ROIs are described in the section Definition
of regions of interest (ROIs) below. For the computation of group average TPR-brainstem correlation
map (Figure 8F) and of the cortex-wide functional maps (Figure 6, Figure 7A,B, and Figure 7-figure
supplement 1A-D), the time series of EPI volumes were first transformed to MNI space (affine trans-
formation with 12 degrees of freedom and sinc interpolation with FSL FLIRT). For the computation of

cortex-wide functional maps, we additionally applied spatial smoothing to all EPI volumes in MNI space
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using isotropic Gaussian filter kernels; the full width at half maximum (FWHM) of the kernels was 8 mm
for all maps except for those of searchlight precision scores (Figure 7B, and Figure 7—-figure supplement

1C,D). All other analyses reported in this paper were performed without spatial smoothing.

QUANTIFICATION OF TASK-EVOKED FMRI RESPONSES AND CORRELATION WITH TPR  The slow
event-related design (mean ITI: 8 s) enabled us to quantify task-evoked fMRI responses for each trial as
the difference between fMRI measurements during the trial (starting from 2 s from cue) and the mean
fMRI response during the pre-decision baseline interval (-2 s to 2 s from cue). Scalar fMRI response
amplitudes were computed by collapsing response values across the interval 2 s to 12 s from cue. Trial-
to-trial variations of each voxel’s task-evoked fMRI response amplitude due to RT were removed (via
linear regression), to isolate fMRI response variations that were due to variations in the amplitude of
the underlying neural responses (see section Analysis of task-evoked pupil responses). For the analysis of
evoked fMRI responses in the brainstem (Figure 8, and Figure 8—figure supplement 1), we additionally
removed (via linear regression) signal fluctuations from the fourth ventricle (delineated based on the TSE
scan by averaging across all voxels covering the ventricle) from the time series from each brainstem ROI
or voxel, before computing task-evoked responses.

We computed maps of task-evoked fMRI responses as the voxel-wise difference between fMRI re-
sponse during the decision interval and during baseline. The resulting maps were computed separately for
each subject and then tested against o across the group (see section Statistical comparisons). We computed
the following statistical maps: (i) overall task-evoked response (Figure 6A), (ii) difference between high
and low TPR trials (Figure 6B), (iii) difference between signal+noise and noise trials (Figure 6C), and (iv)
interaction between TPR and stimulus (Figure 6D), whereby the interaction map (iv) was computed as
the difference between the two difference maps (ii) and (iii).

We verified that the results from Figure 8 and Figure 8—figure supplement 1 were not affected by base-
line fluctuations caused by variations in I'TI (the analyses in Figure 5 and Figure 7 were based on stimulus
or choice-specific components of the fMRI response, which are unlikely to be affected by non-specific
baseline response fluctuations). In a control analysis, we repeated the brainstem response estimates from
Figure 8 after excluding 50% of all trials with the shortest ITIs. We also verified that the results were not
due to non-linearity (i.e., floor and ceiling effects) in the TPR measurements. To this end, we repeated
the analyses from Figure 8 after removing the 20% of trials with extreme overall pupil size during the trial
(top and bottom 10% pupil measurements in the TPR-window, without subtracting the pre-trial base-
line pupil). Both sets of control analyses yielded qualitatively identical results as in Figure 8, and Figure
8—figure supplement 1 (data not shown).

We computed the correlation between TPR and task-evoked fMRI responses across all trials (Figure
8F) after first removing (via linear regression) effects of signal presence from both TPR and the task-
evoked fMRI responses. These correlations were computed separately for each individual subject and

then tested against o across the group (see section Statistical comparisons).
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To compute the “combined neuromodulatory brainstem signal” (Figure 9, Figure 9—figure supple-
ment 1), we performed a multiple linear regression against TPR for the following ROIs: LC region, VTA,
SN, BF-sept and BF-subl (see section Definition of regions of interest). This yielded a subject-specific set
of weights per ROI that maximized the correlation to TPR. We then used these weights to compute, for
each subject, a linear combination of the single-trial ROI-responses. The resulting signal was z-scored,
with the purpose of using it as a predictor variable within the DDM framework (see section Analysis and
modeling of choice bebavior). Likewise, the “combined colliculi signal” was computed based on a linear

combination of responses in SC and IC.

QUANTIFICATION OF ORIENTATION-SPECIFIC RESPONSES IN EARLY VISUAL CORTEX Orientation-
specific response to the low-contrast target gratings in visual cortical areas Vi-3 (Figure sB; see section
Definition of regions of interest) were computed using multi-voxel pattern analysis with a leave one out
cross-validation procedure, as follows. First, per scanning session, we selected the 100 voxels with the
strongest orientation preference from the unconstricted “center” sub-region that corresponded retino-
topically to the target stimulus. To this end, we selected the 5o most positive and so most negative t-values

for the comparison between clockwise (CW) vs. counter-clockwise (CCW) stimuli on signal+noise trials:

=t e o)
SeMme,,  SeMgey,

where subscripts cw and ccw were clockwise and counter-clockwise target signals, respectively X,,, and
Xcew Were the two sample means, and sem,,, and sem,.,, were the two corresponding standard errors.
Second, the responses of the selected 100 voxels were arranged as vectors, each of which constituted a
multi-voxel response pattern for one trial. Third, these single-trial response patterns were separately av-
eraged across counter-clockwise and across clockwise trials, leaving out one trial per iteration. Fourth,
a “template pattern” was constructed as the difference between the mean counter-clockwise and clock-
wise response patterns. Fifth, the pattern of fMRI responses of the remaining trial (including noise trials)
was correlated with the template pattern (on CW blocks), or with the inverted template (on CCW blocks).
This procedure yielded a correlation coefficient per trial, which quantified the strength of the orientation-

specific component of the population response of V1-V3.

QUANTIFICATION OF CHOICE-SPECIFIC RESPONSES: UNIVARIATE APPROACH ~ We used two approaches
to identify choice-encoding regions of interest (ROIs) and to quantify choice-specific signals therein.
First, univariate logistic regression of binary choice against task-evoked fMRI responses (Figure 7A, and
Figure 7-figure supplement 1A,B) described in this section; second, “searchlight decoding” of choice
based on multivariate local fMRI response patterns (Figure 7B, and Figure 7-figure supplement 1C,D),
which is described in the subsequent section.

In the first approach, the following logistic regression model was fitted to the single-trial evoked fMRI

responses of each voxel:
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exp(fy + B1A4)
1+ exp(B, + £14)

where P(yes) was the predicted probability that the subject made a “yes”-choice for a given value of

P(yes) =

(4)

A (in the model, a binary vector describing the choice identity (1,“yes”; 0, “no”) served as the dependent
variable), A was a vector of fMRI response amplitudes, and f, and f; were the parameters of the fit.
The parameters f5, and f, were adjusted by an optimization routine to fit the measured probability of
subjects’ choices across all trials. The voxel was assigned the slope parameter, br, which quantified the link
between the task-evoked fMRI responses of that voxel and the subject’s behavioral choices. Performing
this analysis for all voxels yielded a map of choice-specific activity for each subject. We performed the
analysis separately for signal+noise trials and for noise trials and averaged the resulting maps. That way,
the effect of choice was isolated, discarding potential differences between signal+noise and noise trials.

In the main task, “yes” and “no”-choices were mapped onto motor responses with different hands.
We therefore computed the logistic regression not only for each voxel’s fMRI response, but also for the
lateralization—that is, the difference between a voxel’s response and its homotopic counterpart in the
contralateral hemisphere. The mapping between the “yes”- vs.“no”-choice and response hands was coun-
terbalanced across subjects. Thus, the lateralization reflected the effector-specific activity (left vs. right
hand button presses). Because in any given session “yes”- and “no”-choices were mapped onto button
presses with different hands, the lateralization was a proxy of the choice-specific activity, encoded in the
format of a plan to act (e.g., see [2]). Before computing the lateralization, each voxel was flipped with its
homotopic counterpart in the contralateral hemisphere for half of the subjects, for whom the mapping
was: “yes” —> right hand and “no” —> left hand. The lateralization was then expressed with respect to the
hand for “yes” for all subjects [26]. Consequently, lateralization values could be pooled across subjects
without cancellation. The result of this analysis was visualized on the right hemisphere (Figure 7A, and
Figure 7—figure supplement 1A,B).

We computed choice-specific fMRI response lateralization for a number of ROIs that were symmetric
between the two hemispheres (see section Definition of regions of interest; Figure 7A, and Figure 7-figure
supplement 1A,B). First, per scanning session, we selected the so voxels from the hemisphere contralateral
to the hand used for reporting “yes” with the most positive t-values for the comparison between “yes”-
vs. “no”-choices (same as Equation 3, but now taking the difference of “yes”- and “no”-trials), and vice
versa for the ipsilateral hemisphere. This adds up to a total of 100 voxels. Second, we separately averaged
the single-trial responses across each of these two groups of voxels. Third, we computed the single-trial
lateralization as the difference between the mean fMRI response of the “yes” and the “no” voxel group.
Performing this analysis for each trial enabled computing single-trial correlations of fMRI lateralization
values with TPR and behavioral choice, respectively.

To compute the “combined lateralization signal” (Figure 7D,E), we fitted multiple logistic regression
of choice on choice-specific responses in alPSt and IPS/PostCeS, and obtained the weighted sum of these

responses that maximized the correlation to choice.
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QUANTIFICATION OF CHOICE-SPECIFIC RESPONSES: MULTIVARIATE (SEARCHLIGHT DECODING) AP-
PROACH We used searchlight multi-voxel pattern classification to identify additional cortical regions
which might encode the choice in other formats (e.g., more fine-grained patterns 86, 87]) than the coarse
hemispheric lateralization of response amplitudes. We used the LIBSVM implementation of a linear sup-
port vector machine [119], with a standard cost value of ¢ = 1. A sphere of voxels (i.e. “searchlight”) was
selected around a given voxel with a radius of 10 mm (435 voxels). From these voxels, the task-evoked
fMRI responses were extracted, which made up the pattern vectors that were used for multivariate pat-
tern classification of choices. We assigned each vector a label corresponding to the choice of the subject
(“yes” vs. “no”). The pattern vectors of all but one trial were then used to train a support vector machine
to predict the category of the left-out pattern. After training, we validated the model by comparing the
true label of the left-out pattern with the label predicted by the model. We repeated this train-test ap-
proach iteratively for each trial and calculated a mean cross-validated precision score across all trials for
this searchlight. This precision score was assigned to the center voxel of the searchlight sphere. This proce-
dure was repeated iteratively, for all voxels in the brain, yielding a map of precision scores for each subject.
We performed the choice decoding analysis separately for signal+noise and noise trials and averaged the
resulting maps. This combined individual map was spatially smoothed (FWHM: 4 mm) for group-level

analyses.

Choice-specific responses for ROIs defined in the searchlight analysis (see section Definition of regions
of interest; Figure 7B, and Figure 7-figure supplement 1C,D) were computed as follows. First, per scan-
ning session, we selected from each ROI the 100 voxels with the strongest choice preference. To this
end, we selected the so most positive and so most negative t-values for the comparison between “yes”-
vs. “no”-choices (same as Equation 3, but now taking the difference of “yes”- and “no”-trials). Second,
a “template pattern” was constructed by averaging the task-evoked fMRI response of each selected voxel
across all “yes” trials minus the average on all “no” trials. One trial was left out (leave one out cross-
validation). Third, the pattern of fMRI responses of the remaining trial was correlated with the template
pattern. This procedure yielded a correlation coefficient per trial, which quantified the sign and strength
of the choice-specific pattern response. Again, performing this analysis for each trial enabled computing

single-trial correlations of choice-specific pattern responses with TPR and behavioral choice, respectively.

To compute the “combined searchlight signal” (Figure 7D,E), we fitted multiple logistic regression of
choice on choice-specific responses in IPL, SPL, aIPS2, pIns, PreCeS/IFG and MFG, and obtained the
weighted sum of these responses that maximized the correlation to choice. Although trial-to-trial varia-
tions in RT had been removed (via linear regression) from the fMRI response of each individual voxel
(see above), there was a small, but statistically significant correlation between the “combined searchlight
signal” and trial-by-trial RTs (group average r = 0.027, p=0.004, permutation test). However, this cor-
relation was significantly smaller than the correlation between the “combined searchlight signal” and
behavioral choice (group average difference in correlation: ”Ar=0.481, p<o.oor). Thus, the multivariate

choice decoder primarily decoded trial-to-trial variations in choice rather than in RT.
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RECEIVER-OPERATING CHARACTERISTIC (ROC) ANALYSIS OF STIMULUS- AND CHOICE-SPECIFIC RE-
sPONSES ~ We used ROC-analysis (Green and Swets, 1966) to quantify the reliability of the orientation-
and choice-specific cortical responses at the single-trial level (Figure s—figure supplement 1, Figure 7, and
Figure 7-figure supplement 1). The ROC index ranged between o and 1, and quantified the probability
with which one could predict the experimental variable of interest (in our case: signal presence or behav-
ioral choice) based on responses measured during individual trials. An index of 0.5 implied chance level
prediction. To remove effects of choice when predicting the stimulus, we averaged ROC indexes for signal
presence obtained separately on “yes” and “no” trials (Figure s—figure supplement1). Similarly, to remove
effects of stimulus when predicting choice, we averaged ROC indexes for choice obtained separately on

signal+noise and noise trials (Figure 7, and Figure 7-figure supplement 1).

ANALYSIS OF STIMULUS INDEPENDENT TPR EFFECT ON CORTICAL SIGNALS ~ We used linear regres-
sion analysis to evaluate the hypothesis that the TPR-linked modulation of choice-specific responses is
intrinsic, that is, if the modulation remained when factoring out effects of the physical evidence (Figure
7). We obtained the residual choice-specific (combined) responses by removing (via linear regression)
variations due to stimulus (binary vector describing the stimulus identity (1, signal+noise; o, noise).
Across s bins, defined by TPR, we then fitted the following linear model to the residual choice-specific

résponscs:

CTx = f, + B, TPR (s)

where Ctx was a vector of mean residual (with effects of stimulus removed, see above) choice-specific
responses per bin, TPR was a vector of mean task-evoked pupillary responses per bin, and f, and 8, were

the free parameters of the fit.

1.4.9 STATISTICAL COMPARISONS

We used nonparametric paired permutation tests to test for significant differences between behavioral
estimates (Figure 2, Figure 2—figure supplement 1, Figures 3 and 4, and Figure 4-figure supplement 2),
task-evoked fMRI responses (Figure 7, Figure 7-figure supplement 1, Figure 8, and Figure 8—figure sup-
plement 1), stimulus- / choice-predictive indices (Figure s—figure supplement 1, Figure 7, and Figure 7-
figure supplement1), and regression beta weights / coefficients (Figures 1, 2, Figure 2—figure supplement ,
Figures 3, 7, 8, Figure 8—figure supplement 1, Figure 9, and Figure 9—figure supplement 1) from different
trial categories, or to test them against zero (against o.s in the case of stimulus- / choice-predictive indices).
Statistical tests were performed at the group level, using the individual subjects’ mean parameters as ob-
servations. For each comparison, we randomly permuted the labels of the observations (e.g., the regressor
label of the beta estimates), and recalculated the difference between the two group means (10,000 permu-
tations). The p-value was the fraction of permutations that exceeded the observed difference between

the means.
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We used nonparametric permutation tests within the FSL Randomise implementation to test cluster-
corrected task-evoked fMRI responses against o (Figure s), linear regression coeflicients against o (Figure
8), logistic regression beta weights against o.s (Figure 7, Figure 7—figure supplement 1), and searchlight
classification precision scores against o.5 (Figure 7, Figure 7-figure supplement 1). Randomise imple-
mented 10,000 randomly generated permutations of the data to perform a Monte Carlo-style permuta-
tion test. This procedure was robust with respect to inflated false-positive rates [120]. In the majority of
cases, we used a cluster correction threshold of p<o.or1. For the logistic regression of binary choice against
lateralized task-evoked fMRI responses (Figure 7, Figure 7—-figure supplement 1), and in case of the brain-
stem TPR correlation (Figure 8F; accounting for the comparably low sensitivity of fMRI measurements

in the brainstem), we used a cluster correction threshold of p<o.os.

1.4.10 DEFINITION OF REGIONS OF INTEREST (ROIs)

The analyses of fMRI signals focused on a number of ROIs, which were defined in each individual brain

using a variety of criteria described in this section.

BRAINSTEM NUCLEI ~ We defined the following brainstem nuclei (Figure 8, and Figure 8—figure supple-

ment 1) based on anatomical criteria.

Locus coeERULEUS (LC) The LC was delineated, separately for each subject and scanning session,
by means of a specific (TSE) high-resolution structural MRI scan (Figure 8A, and Figure 8—figure supple-
ment 1A). The LC, as some other brainstem structures, has increased neuromelanin concentration and
can thus be identified in the TSE scans as two bilateral local maxima of elevated signal intensity within the
midbrain tegmentum and pons, at the floor of the fourth ventricle [97, 98, 107]. We delineated LC voxels
in the slice with the clearest signal intensity elevation in the designated region and in the one slice above
and one below. The ROI definition was initially performed by the first author and then independently
verified by another author. For the analysis of functional LC responses, we transformed the individually
delineated high-resolution LC ROI to subject- and session-specific EPI space (trilinear affine transforma-
tion, using FSL FLIRT) after first (i) co-registering the high-resolution partial field-of-view TSE scan and
whole-brain TSE scan (with 6 degrees of freedom), (ii) co-registering the whole-brain TSE scan and the
T2-weighted anatomical scan (12 degrees of freedom), and (iii) concatenating the estimated transforma-
tion matrices. We then determined the minimum number of EPI voxels (obtained at lower resolution) for
which the probability of the anatomical LCROI contained in this EPI voxel was larger than o within each
of the 14 subjects. The average number of voxels with a non-zero probability of containing the anatom-
ical LC ROI was 18 voxels, and the smallest number across the group was 12. We therefore included for
each subject the 12 voxels with the largest probability of containing the LC. The LC region time series
was computed as the average of the time series from these 12 voxels, weighted by their probability values.

For comparison, we used the same procedure, including the same number of voxels, for the other brain-
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stem regions. For the most spatially specific definition of the LC region afforded by our measurements
we computed a weighted average across the two voxels with the largest probability of containing the LC
(Figure 8D).

SUPERIOR AND INFERIOR COLLICULI (SC AND IC) We manually delineated the SC and IC based

on the anatomical standard (MNI) brain as the two elevated “hills” at the dorsal part of the midbrain.

OTHER BRAINSTEM NUCLEI ~ We used probabilistic atlases in anatomical standard (MNI) space to
delineate the following other brainstem nuclei: ventral tegmental area (VTA), substantia nigra (SN) [121],
and two divisions of the basal forebrain (BF): one that includes cell groups within the septum and the
horizontal limb of the diagonal band (BF-sept), and one that includes the sublenticular part of the basal
forebrain (BF-subl). The probabilistic BF atlases [89] were obtained from the SPM anatomy toolbox
[122]. As we did for the LC, we transformed these anatomical ROIs to subject- and session-specific EPI
space and thresholded the resulting masks such as to include only the 12 voxels with the largest probability
of containing the particular structure. Likewise, ROI-level time series were computed as the average of

the time series from these 12 voxels, with the weights corresponding to each voxel’s probability value.

ANTERIOR CINGULATE CORTEX We parcellated the cortex with the Freesurfer Destrieux atlas [123],
and obtained anterior cingulate cortex (ACC) masks by transforming thelabel G_and_S_cingul-Mid_Ant_d

to subject- and session-specific functional space (with Freesurfer mri_labelavol tool).

VISUAL CORTICAL AREAS VI-V3  Stimulus-responsive and surrounding sub-regions of early visual cor-
tical areas V1-V3 (Figure 5) were defined in two steps. First, the boundaries between these visual cortical
areas were identified by retinotopic mapping via population receptive field imaging (i.e., quantifying, for
each voxel, the preferred polar angle and eccentricity) [124]. To this end, in a separate scanning session,
we presented moving bar apertures consisting of a large number of randomly oriented Gabor patches
(100% contrast). The width of the bar subtended 25% of the stimulus radius. Four bar orientations (o°,
45°, 90° 135°) and two different motion directions for each bar were used, yielding a total of eight dif-
ferent bar configurations within a given scan. Subjects fixated at the center of the screen, and pressed a
button with their right index finger when the fixation dot changed color (from red to green) at random
time intervals. Second, using a localizer run in each session of the main experiment, we identified the
sub-regions of V1-V3 that corresponded retinotopically to the stimulus judged in the main experimental
(yes-no) task. To this end, full-contrast gratings were presented at the same position as the stimuli in the
main experimental task, in periodic alternation with central fixation of an otherwise blank screen (block

duration: 12 5). Figure sA shows the map of localizer responses in one example subject.

CHOICE-SPECIFIC CORTICAL REGIONS  Choice-specific ROIs (Figure 7, and Figure 7-figure supple-

ment 1) were defined as follows: univariate logistic regression on lateralized task-evoked fMRI responses
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and multivariate searchlight decoding (see section Analysis of MRI data). Group-level cluster correction
yielded the conjunction maps shown Figure 7A,B, and Figure 7-figure supplement tA-D. Performing
these analyses separately for each of the two scanning sessions allowed us to identify robust choice-specific
ROIs as clusters of voxels, which exhibited statistically significant choice-specific activity within both in-
dependent sessions (conjunction maps in Figure 7A,B).

The first approach yielded the following choice-specific ROIs: hand region of primary motor cortex
in the central sulcus (M), posterior parietal cortex, in the junction of the intraparietal sulcus and the
postcentral sulcus (IPS/PostCeS), and the anterior intraparietal sulcus (aIPS1) (Figure 7A, and Figure
7—figure supplement 1A,B).

The second approach yielded the following choice-specific ROIs: the superior parietal lobule (SPL),
the inferior parietal lobule (IPL), a second region within the anterior intraparietal sulcus (aIPS2), the
posterior insula (pIns), the junction of the precentral sulcus and the inferior frontal gyrus (Pre-CeS/IFG),

and the medial frontal gyrus (MFG) (Figure 7B, and Figure 7-figure supplement 1C,D).

1.4.1 DATA AND CODE SHARING

The dataare publicly available on Figshare (https: //doi.org/10.6084/m9. figshare.4806562; https:
//doi.org/10.6084/m9.figshare.4806559). Analysis scriptsare publicly available on Github (https:
//github.com/jwdegee/2017_elLife; https://github.com/jwdegee/2014_PNAS).
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1.6 SUPPLEMENTARY FIGURES
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Figure S1: [Figure 1-figure supplement 1] Linear modeling of TPR. The peripheral system (i.e., nerves and the muscles of the iris [110])
that transforms central neural inputs originating from the brainstem into TPR is sluggish and acts as a low-pass filter [41, 109]. (A) Linear
modeling of TPR (see Materials and methods). We used a previously established general linear model (GLM) to estimate the relative
contribution of three putative underlying neural input components (see Materials and methods; [40]). Gray-shaded interval, decision
interval (between cue, i.e., decision onset, and button press). The three beta weights are the best fitting parameter estimates for the
subject from panel B. IRF, impulse response function. (B) TPR time course from example subject, aligned to cue (left) and button press
(right). Gray line, mean TPR (n = 624 trials). Black line, model prediction. The model provided a good fit of the shape of the TPR time
course in most subjects. (C) Mean beta weights for all temporal components. As observed previously [40], the predominant input (i.e.,
largest beta-weight) was a sustained component that spanned the interval between cue- and choice-components. Data points, individual
subjects; ***p<0.001. (D) Correlation between TPR and reaction time (RT) (5 bins). Shading or error bars, s.e.m. All panels: Group average
(N = 14); stats, permutation test.
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Figure S2: [Figure 2-figure supplement 1] Phasic arousal predicts reduction of choice bias. (A-D) As main Figure 2 panels A, B, D, E, but
now after splitting trials by (or as a function of) baseline pupil diameter, quantified as the mean pupil size in the 0.5 s before decision
interval onset. (E-J) As main Figure 2 panels A-F, but now without removing trial-to-trial variations from TPR due to reaction time (RT).
The pattern of results is qualitatively identical to the one in Figure 2. All panels: group average (N = 14); shading or error bars, s.e.m; stats,
permutation test. Panels A, C, E, H: data points, individual subjects.
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Figure S3: [Figure 4-figure supplement 1] Effects of starting point vs. drift criterion on RT distributions. Analytical RT distributions
sorted by the four SDT categories: “yes”- and “no”-choices, as well as signal+noise and noise trials. Within each category, RT distributions
are shown separately for a biased model (black) and an unbiased model (green), whereby biased model refers to a model producing
unequal fractions of “yes”- and “no”-choices. RTs for “no”-choices were sign-flipped for illustration purposes. A conservative choice bias
was implemented in two separate mechanisms in the two panels, both producing the same change on the fraction of choices. These
mechanisms have distinguishable effect on the shape of the RT distributions, most evident in the mode. (A) Conservative choice bias
through setting the starting point of the accumulation process closer to the “no”-bound. Straight lines, mode (i.e., maximum) of the
analytical RT distributions. A shift in starting point produced a substantial shift of the mode of the RT distribution (compare black and
green vertical lines). (B) Conservative choice bias through changing drift criterion in the direction of the “no”-bound. This shift in drift
criterion had a negligible effect on the mode of RT distributions (green and black vertical lines are on top of one another).
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Figure S4: [Figure 4-figure supplement 2] Phasic arousal predicts reduction of accumulation bias. (A) As main Figure 4C, but now after
splitting trials by baseline pupil diameter, quantified as the mean pupil size in the 0.5 s before decision interval onset. (B-D) As main Figure
4C-E, but now without removing trial-to-trial variations from TPR due to reaction time (RT). The pattern of results is qualitatively identical.

Data points, individual subjects; stats, permutation test.
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Figure S5: [Figure 5-figure supplement 1] Quantifying single-trial reliability of stimulus-specific responses. (A) The stimulus-predictive
index was calculated from the receiver operating characteristic (ROC) curve, separately for “yes”- (left) and “no”-choices (right). Each
panel shows distributions (taken from area V1 of one example subject) of single-trial pattern responses (see Materials and methods) for
signal+noise and noise conditions. ROC curves (insets) were constructed by shifting a criterion across both distributions, and plotting
against one another, for each position of the criterion, the fraction of trials for which responses were larger than the criterion. The area
under the resulting ROC curve (AUC; grey shading), here referred to as “predictive index”, quantifies the probability with which an ideal
observer can predict the signal presence from the single-trial fMRI response. Predictive indices calculated separately for “yes”- and “no’-
trials were pooled (averaged) into a single stimulus-predictive index. The predictive index in this example was 0.63. (B) Stimulus-predictive
indexes for orientation-specific responses (signal+noise vs. noise, irrespective of choice; see Materials and methods and panel A). Data
points, individual subjects; stats, permutation test.
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Figure Sé6: [Figure 7-figure supplement 1] Identifying choice-specific cortical signals. (A) Session-wise maps map of logistic regression
coefficients (choice against fMRI lateralization). (B) Overlay of both maps from panel A, to identify robust and replicable choice-specific
responses. (C) Session-wise maps of searchlight choice classification precision scores. (D) Overlay of both maps from panel C, to identify
robust and replicable choice-specific responses. A-D: all tested against 0.5 at group level; red outlines, ROIs used for further analyses.
(E,F) Choice-specific responses in ROIs from panels B and D, respectively, separately for “yes”- and “no”-choices. (G) Quantifying the
reliability of choice-specific cortical responses, using single-trial, lateralized M1-responses of an example subject. As Figure 5-figure
supplement 1A, but now for prediction of choice, rather than of signal presence. To remove effects of signal presence, we averaged ROC
indexes for choice computed separately for signal+noise and noise conditions. The resulting measure is analogous to “choice probability”
employed in monkey electrophysiology. The predictive index in this example was 0.82. All panels: group average (N = 14); data points,
individual subjects; stats, permutation test. alPS, anterior intraparietal sulcus; IPS, intraparietal sulcus; PostCeS, postcentral sulcus; M1,
primary sensorimotor cortex (hand area); SPL, superior parietal lobule; IPL, inferior parietal lobule; pINS, posterior insular cortex; PreCeS,
precentral sulcus; IFG, inferior frontal gyrus; MFG, medial frontal gyrus. (H) Stimulus-predictive indexes for choice-specific responses
(“yes” vs. “no”, without first taking out effects of stimulus as in panel G). “Combined lateralization” signal, weighted sum of choice-specific
responses across ROls obtained through mapping significant lateralization with respect to the hand movement (except M1; from Figure
7A; see Materials and methods). “Combined searchlight” signal, weighted sum of choice-specific responses across ROIs obtained through
searchlight classification (from Figure 7B). () As panel H, but for choice-predictive indexes (signal+noise vs. noise, without first taking out
effects of choice as in Figure 5-figure supplement 1A). (J) As panel |, but after removing effects of physical stimulus via linear regression
(see Materials and methods). All panels: group average (N = 14); data points, individual subjects; ***p<0.001; stats, permutation test.
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Figure S7: [Figure 8-figure supplement 1] TPR-linked brainstem responses. (A) As Figure 8A for all subjects. Green outline, subject
presented in Figure 8A. (B) Task-evoked responses in SC and IC, separately for low and high TPR trials. (C) As panel B, but for LC, SN, VTA,
BF-sept, and BF-subl. Data correspond to Figure 8 panels B and E, but is now represented as bar graphs of task-evoked fMRI response
scalar measures (see Materials and methods). (D) Remaining task-evoked fMRI response in the fourth ventricle (after RETROICOR). The
fourth ventricle ROl was delineated in the TSE scan, and its response computed by averaging across all voxels covering the ventricle. Gray-
shaded interval, task-evoked fMRI response measure time window. Residual signal fluctuations in the fourth ventricle were uncorrelated
to task events. Shading, s.e.m. (E) Task-evoked fMRI responses in the fourth ventricle plotted against TPR. Data were binned for display
(50 bins). Panels B-E: group average (N = 14). Panels B,C: data points, individual subjects; stats, permutation test.
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Figure S8: [Figure 9-figure supplement 1] Brainstem responses are not associated to sensitivity. (A) Correlation between perceptual
sensitivity (d’) and the combined neuromodulatory brainstem response (linear combination of responses in LC, SN, VTA, BF-sept, and BF-
subl maximizing the correlation to TPR; see Materials and methods), and the combined colliculi response (linear combination of responses
in SC and IC maximizing the correlation to TPR) (5 bins). Stats, permutation test. (B) Group-level posterior probability densities for means
of the remaining parameters in the DDM regression model, through which we assessed the linear relationship between the trial-by-trial
drift and the trial-by-trial combined neuromodulatory response and the combined colliculi response (see Materials and methods). All
panels: group average (N = 14); shading or error bars, s.e.m.
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MANY DIFFICULT DECISIONS ARE MADE BY ACCUMULATING AMBIGUOUS EVIDENCE OVER TIME.
THE BRAIN’S AROUSAL SYSTEMS ARE RAPIDLY ACTIVATED DURING SUCH DECISIONS. HOwW DO THESE
RAPID (“PHASIC”) BOOSTS IN AROUSAL AFFECT THE DECISION PROCESS? HERE, WE HAVE UNVEILED
A GENERAL PRINCIPLE OF THE FUNCTION OF PHASIC AROUSAL: SUPPRESSING SUBOPTIMAL BIASES
IN EVIDENCE ACCUMULATION. WE QUANTIFIED PHASIC AROUSAL AS RAPID DILATIONS OF THE
PUPIL. PUPIL DILATIONS PREDICTED REDUCED BIASES IN A RANGE OF DECISION-MAKING TASKS
AND DIFFERENT SPECIES. IN A CHALLENGING SOUND-DETECTION TASK, BOTH MICE AND HUMANS
WERE LESS BIASED UNDER HIGH AROUSAL. SIMILAR BIAS SUPPRESSION OCCURRED WHEN OPTIMAL
BIASES WERE NEUTRAL, CONSERVATIVE OR LIBERAL, WHEN EVIDENCE WAS ACCUMULATED FROM
MEMORY, AND FOR RISK-SEEKING BIASES IN DECISIONS ENTAILING THE ACCUMULATION OF NU-
MERICAL VALUES. IN ALL CASES, THE SMALLER BEHAVIORAL BIASES WERE EXPLAINED BY SPECIFIC
CHANGES IN EVIDENCE ACCUMULATION. THUS, PHASIC AROUSAL CALIBRATES A KEY COMPUTA-

TION DURING DECISION-MAKING.



2.1 INTRODUCTION

The global arousal state of the brain changes from moment to moment [6, 11]. These global state changes
are controlled in large part by modulatory neurotransmitters released from subcortical nuclei such as the
noradrenergic locus coeruleus and the cholinergic basal forebrain. Release of these neuromodulators can
profoundly change the operating mode of target cortical circuits [6-10]. These same arousal systems
are phasically recruited during elementary decisions, in relation to key computational variables such as
uncertainty and surprise [6, 2931, 45, 74, 125, 125—-127].

Phasic arousal during decision-making might play a key role in calibrating the biases that shape behav-
ior and bound the rationality of judgment and decision-making in [128]. Influential theoretical accounts
propose that phasic arousal has an adaptive function that serves to optimize inference and choice behavior
[6, 30]. Yet, the precise functional consequences of phasic arousal remain elusive, largely due to technical
limitations in monitoring activity in these deep-brain structures during behavior. Here, we set out to
resolve four outstanding issues pertaining to the adaptive function of phasic arousal.

First, little is known about the specific impact of phasic arousal on the transformation of decision-
relevant evidence into a behavioral choice. Most decisions — including judgments about weak sensory
patterns embedded in time-varying noise — are based on a protracted deliberation process [20]. This
process seems to be implemented by a distributed brain network: association cortex accumulates input
signals (“evidence samples”) over time, into a decision variable, and motor regions translate the decision
into a behavioral act [18, 20, 22, 23]. Since arousal shapes the state of all these brain regions, phasic arousal
might alter the encoding of the evidence, the accumulation of the evidence, the implementation of the
motor act, or all of the above. One influential account proposes that phasic arousal specifically speeds up
the translation of a choice into the resulting motor act [6]. We asked whether and how phasic arousal
might also shape the preceding evidence accumulation.

Second, while brainstem arousal systems are homologously organized across mammals [129, 130], it is
not clear whether arousal systems are recruited in the same circumstances across species. More specifically,
itis not clear whether the computations underlying decision formation under uncertainty are affected by
arousal signals in a manner that is consistent across species. Rodents (rats) and humans seem to accumu-
late perceptual evidence in a similar fashion [68]. Butis the shaping of this computation by phasic arousal
also governed by a general principle?

Third, elementary perceptual decisions provide an established laboratory model of evidence accumula-
tion [20], but many important real-life decisions (e.g. which stock to buy, or which career to pursue) are
based on the accumulation of non-sensory signals, such as those gathered from memory [131], or from ab-
stract (e.g. numerical) quantities [132]. Does phasic arousal have the same impact on decisions requiring
the accumulation of perceptual versus higher-level evidence?

Fourth, biases in choice behavior can either be adaptive or maladaptive, depending on the statistics of
the environment [24]. For example, in many laboratory perceptual choice tasks, stimuli are equally likely

to occur, so any bias needs to be suppressed to optimize behavior. But when a certain target is more (or
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less) likely to occur, choice should be biased towards (or away) from that target choice. It is not known
whether phasic arousal flexibly affects choice biases based on stimulus statistics, or, for example, if phasic
arousal makes animals and humans uniformly more liberal in their decisions.

We approached these issues by means of a cross-species, integrated behavioral and computational ap-
proach. We combined pupillometry, behavioral experiments and modeling, in both humans and mice,
and studied humans in a variety of behavioral contexts. Pupil dilation is a reliable peripheral proxy of sev-
eral established markers of cortical arousal state [76, 78, 79]. Our results have revealed a general principle
regarding the function of phasic arousal in decision-making: suppressing biases in evidence accumulation.
Thus, the protracted deliberation underlying decisions [20] is shaped by task-evoked neuromodulatory

responses.

2.2 RESULTS

Humans and mice performed the same simple perceptual decision (auditory go/no-go detection). In
addition, humans performed a forced-choice decision task based on the same auditory evidence under
systematic manipulations of target probabilities, a memory-based decision task, and a basic laboratory

task model of value-based stock market decisions.

2.2.1 PHASIC AROUSAL PREDICTS REDUCTION OF PERCEPTUAL CHOICE BIAS IN MICE AND HUMANS

We first trained mice (N = 5) and humans (N = 20) to report detection of a near-threshold auditory signal
(Fig. 1A; Materials and Methods). Subjects searched for a signal (pure tone) embedded in a sequence of
discrete, but dynamic, noise tokens. Because signals were embedded in fluctuating noise, detection per-
formance could be maximized by accumulating the sensory evidence over time. To indicate a yes-choice,
mice licked for sugar water reward and human subjects pressed a button. The loudness was manipulated
by varying the sound level (volume) of the tone, while keeping the noise level constant. As expected, in
both species, reaction times (RT) parametrically decreased with loudness (Fig. 1B) and signal detection-
theoretic sensitivity (d’; Materials and Methods) parametrically increased (Fig. 1C). Humans responded
overall a little slower than mice (Fig. 1B).

To track phasic arousal, we measured the rising slope of the pupil, immediately after each sound onset.
We choose this measure for three reasons: (i) for its temporal precision in tracking arousal during fast-
paced tasks (Fig. 1D), (ii) to eliminate contamination by movements (licks and button-presses) [108, 133]
(Materials and Methods), and (iii) to most specifically track noradrenergic activity [39]. The timing of
stimuli was predictable, so subjects could tightly align a phasic arousal response to the next sound on-
set. Indeed, pupil responses occurred from 40 ms after sound onset in mice (Fig. 1D), and from 240
ms after sound onset in humans (Fig. 1D). The shorter pupil response latencies in mice compared to hu-
mans might be due to their smaller eye and brain size. Pupil responses occurred also on trials without a

behavioral response (Fig. S1F,L), consistent with other observations [134, 135].
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In both mice and humans, we found a consistent relationship between the early, task-evoked pupil re-
sponse and decision outcome. Because loudness was drawn pseudo-randomly on each trial, subjects had
different d’ values for each loudness (Fig. 1C) but could set only one decision criterion (or bias set point)
against which to compare sensory evidence. Therefore, using signal detection theory, we computed an
overall perceptual choice bias across loudness (Fig. S1C; Materials and Methods). We found that both
mice and humans had an overall conservative perceptual choice bias, preferably failing to respond that
they perceived the tone (Fig. 1E). This conservative bias was maladaptive, reducing the fraction of cor-
rect/rewarded choices below what could be achieved at a given perceptual sensitivity (Fig. S1D,]). In both

species this maladaptive bias was suppressed on trials with large pupil responses (Fig. 1E). The same was
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true when computing overall bias as the average signal detection theoretic criterion across loudness (Fig.
S$11,O). Phasic pupil responses exhibited a less consistent relationship to perceptual sensitivity and RT
(Fig. StH,N).

Previous work has associated baseline, pre-stimulus arousal state with non-monotonic (inverted U-
shape) effects on decision performance [6, 136], even in the same mice dataset analyzed here [76]. By con-
trast, we here found that the dominant predictive effect of pupil-linked phasic arousal was a monotonic
(linear) reduction of bias (Fig. 1E, solid lines; Materials and Methods), pointing to distinct functional

roles of tonic and phasic arousal (Discussion).

2.2.2 PHASIC AROUSAL PREDICTS A REDUCTION OF EVIDENCE ACCUMULATION BIAS

Our analyses of overt behavior revealed that pupil-linked phasic arousal was associated with a largely
monotonic reduction of maladaptive choice bias in mice and humans. Fitting decision-making models
enabled us to gain deeper insightinto how the decision process was affected by phasic pupil-linked arousal.
We fitted the drift diffusion model (Fig. S2A), which belongs to a class of bounded accumulation models
of decision-making |2, 18, 19, 25] that describe the accumulation of noisy sensory evidence in a decision
variable that drifts to one of two bounds. The diffusion model accounts well for behavioral data from a
wide range of two-choice and go/no-go tasks [2s, 137]. We used the diffusion model to quantify effects
of pupil-linked arousal the following components of the decision process: the starting point of evidence
accumulation, the evidence accumulation itself (the mean drift rate and an evidence-dependent bias in
the drift, henceforth called “drift bias”), boundary separation (implementing speed-accuracy tradeoff)
and the so-called non-decision time (the speed of pre-decisional evidence encoding and post-decisional
translation of choice into motor response).

In order to assess phasic arousal-dependent changes in all of these parameters, we fit a model in which
all parameters (except for starting point) were free to vary with pupil response amplitude. The absence of
RTs for no-responses in the go/no-go datasets forced us to fix either starting point or drift bias as function
of pupil. We chose to fix starting point because formal model comparison favored this over fixing drift
bias in all subjects of both species (Materials and Methods). Indeed, in all other datasets analyzed in this
study, presented below, we found that the pupil-linked bias suppression in overt behavior was specifically
due to a shift in drift bias, not starting point.

The model accounted well for the overall behavior in the go/no-go task. First, as expected, drift rate
increased with loudness, reflecting the subjects’ ability to accumulate strong sensory evidence more ef-
ficiently (Fig. S2F,I). Second, the fitted parameters accurately predicted overall RT and sensitivity (Fig.
1B,C).

In both species, we found a positive linear relationship between pupil responses and drift bias (Fig. 2C).
The fitted parameters accurately predicted overall perceptual choice bias, and its pupil response predicted
shift (blue "X’ markers in Fig. 1E). Specifically, in both species, the starting point was biased towards no-

go irrespective of pupil response (Fig. S2E,H). Thus, overcoming this conservative choice bias required

67



A B 5 C . D E p <0.001
0.24 —
§ 13 1 ‘ g 02 g go.a—
g2 o ¥ 4 B e c 022 € 06 -
2 lobd b 8 : =
@ 11— S 08— = @ 0.20— <]
> E ‘ (:)" O 92 ? ¢ “>) 0.4 —
g 10 — a (e T 0.18 | ©
8 0.4 04 ¢ s 2 0o
5 09 -0.722 15t p=0.079 ‘ 0006 2 016~ p_0260 £
8 08— p=0. 00— 2nd:p=0.036 p=0. p=0. S g0
[ | [ | | [ |
0 20 0 20 0 20 0 20 EON N
Pupil response Pupil response Pupil response Pupil response QoQ Q\\"‘ QoQ
(% signal change / s) (% signal change / s) (% signal change / s) (% signal change / s)
. 32— 0.0 — 051 —
§1.16 ® p=0.010
© 0.2 E 2987
%112 % % 28 %} @ é 049 + + S 06
7] D -04 @ @
't 5108—&##’ E ‘ £ ® + > 04|
° 24— 5 T 047 — L]
g 08 5 € 02
8104~ [ _0484 p=0.15 p=0009 < p=0132 &
it 20 i 08 i 045 ~ 7" Boo-
[ | [ | 1 | 1
0 10 20 0 10 20 0 10 20 0 10 20 $‘§\ S
Pupil response Pupil response Pupil response Pupil response KR $\\“ K
(% signal change /s) (% signal change / s) (% signal change / s) % signal change / s) R Q

Figure 2: Phasic arousal accounts for substantial variability in sensory evidence accumulation. (A) Relationship between boundary sepa-
ration estimates and task-evoked pupil response in mice (top) and humans (bottom), collapsed across loudness. See Fig. S2 for parameter
estimates separately per loudness. Linear fits are plotted wherever the first-order fit was superior to the constant fit; quadratic fits were
plotted (dashed lines) wherever the second-order fit was superior to first-order fit. Stats, mixed linear modeling. (B-D) As A, but for drift
rate, drift bias and non-decision time estimates, respectively. (E) Recovered drift rate variability for models with and without pupil pre-
dicted shift in drift bias. The model was fit to simulated RT distributions from two conditions that differed according to the fitted drift
bias estimates in the lowest and highest pupil-defined bin of each individual (Materials and Methods). Black line, true drift rate variability.
Stats, paired-samples t-test. All panels: group average (N = 5; N = 20); error bars, s.e.m.

increasing their drift bias. Such an increase in drift bias occurred on trials with large pupil responses (Fig.
20).

Phasic arousal had no, or less consistent, effects on the other model parameters. There was no consis-
tent monotonic effect of pupil response on boundary separation, drift rate or non-decision time in either
species (mice: p = 0.722, p = 0.073 and p = 0.269, respectively; humans: p = 0.484, p = o.15and p = 0.132,
respectively; Fig. 2). Without collapsing across loudness we observed a positive (negative) relationship
between drift rate pupil response in mice (humans) (Fig. S2D,G), and a negative relationship between
pupil response and non-decision time in both mice and humans (Fig. S2D,G). These effects on drift rate
and non-decision time were however not consistent across the variety of behavioral contexts considered
here. These results suggest that the dominant impact of phasic arousal in this task was remarkably specific:
optimizing the evidence accumulation process by suppressing a bias in the drift.

Perceptual choice variability has been attributed to evidence accumulation noise, rather systematic ac-
cumulation biases, under the assumption that biases will remain constant across trials [138]. Instead, our
results show that accumulation biases vary dynamically across trials as a function of phasic arousal. This
indicates the resulting choice variations should appear as random trial-by-trial variability in evidence ac-
cumulation when ignoring phasic arousal. We found that this was the case in our data (Fig. 2E). We simu-

lated RT distributions from two conditions that differed according to the fitted drift bias estimates in the
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lowest and highest pupil-defined bin of each individual (Materials and Methods). The diffusion model
accounts for trial-to-trial accumulation “noise” with the drift rate variability parameter [18, 25]. Indeed,
when fitting the model to these simulated RT distributions, drift rate variability was accurately recovered
when drift bias could vary with condition but was significantly overestimated when drift bias was fixed
(Fig. 2E). This analysis is agnostic about the source of trial-by-trial variations in phasic arousal, which was
not under experimental control in the present study (but see [ 45, 74, 125]. But the results clearly show that
a significant fraction of choice variability does not originate from noise within the evidence accumulation

machinery, but rather from the neural systems that govern arousal.

2.2.3 PHASIC AROUSAL PREDICTS ACCUMULATION BIAS SUPPRESSION IN FORCED CHOICE VERSION

OF THE DETECTION TASK

Are the above results specific to the go/no-go protocol used to study the auditory detection decision? The
central input to the pupil contains a sustained component during evidence accumulation, followed by a
transient at the motor response [33, 40, 42, 133]. The sustained component might entail motor prepara-
tory activity [26]. Thus, a concern about the go/no-go task might be that these components (motor
preparatory activity and transient activity at lick / button-press) could have contributed to the pupil re-
sponse amplitudes on go-trials but not (or less so) on no-go-trials, which in turn could explain the relation-
ship between pupil responses and choice bias. We reduced contamination by the transient motor-related
component by focusing on the initial (early) pupil dilation (Materials and Methods). However, it is pos-
sible that this did not fully correct for the asymmetry between go- and no-go trials in motor preparatory
activity.

We asked human participants (N = 24, 18 from the above go no-go experiment) to perform a forced-
choice (yes/no) version of the above auditory detection task, based on the same type of auditory evi-
dence. In this task, motor responses (and associated preparatory activity) were balanced across yes- and
no-choices (Fig. 3A). Consistent with our go/no-go results in mice and humans, we observed that the
pupil response predicted a monotonic suppression of maladaptive perceptual choice bias (Fig. 3B) again,
pushing behavior to a more optimal regime (Fig. S3A). Pupil response amplitudes in the go/no-go and
yes/no tasks were correlated across eighteen human subjects who participated in both experiments (Fig.
$3D). This was true for yes-choices and no-choices. Therefore, the suppression of choice bias in our re-
sults does not reflect motor preparation.

Diffusion modeling again revealed a performance-optimizing effect of pupil response on evidence ac-
cumulation: a reduction in drift bias, here accompanied by an increase in mean drift rate (Fig. 3C). With
respect to pre- or post-decisional parameters, there was a non-monotonic effect on starting point (p =
o.o13) and again no effect on boundary separation and non-decision time (p = 0.327 and p = 0.722, re-
spectively). Critically, the pupil-linked changes in drift bias, but not the changes in starting point, strongly
correlated with the individual reductions in decision bias as measured by SDT in Fig. 3B (squared multi-

ple correlation R? = 0.952; drift bias: beta = -L.o1, p < 0.001; starting point: beta = -o.10, p = 0.219). Thus,
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only the changes of drift bias explained the performance-optimizing reductions in decision bias.

2.2..4 PHASIC AROUSAL PREDICTS A REDUCTION OF CONSERVATIVE AND LIBERAL PERCEPTUAL AC-

CUMULATION BIASES

The majority of mice and humans in the above go/no-go and yes/no tasks exhibited a conservative ten-
dency towards choosing “no”. This conservative bias was suboptimal in these tasks, and so the pupil-
linked increase in liberal decision-making (accumulation towards “yes”) improved performance (see Figs.
1and 3). However, when targets are rare (or false alarms heavily penalized), a conservative bias is optimal,
and conversely for frequent targets [24]. Thus, for phasic arousal to be adaptive, its effects on accumu-

lation biases should be flexibly adjustable to stimulus statistics; promoting liberal decision-making in a
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stereotypical fashion would not be adaptive.
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Figure 4: Phasic arousal flexibly reduces both conservative
and liberal accumulation biases. (A) Overall sensitivity and
choice bias (quantified by signal detection d’ and criterion,
respectively) in the rare signal condition (P(Signal) = 0.3;
left) and frequent condition (P(Signal) = 0.7; right). Green
line, optimal bias. See Fig. S4A,B for task-evoked pupil re-
sponse time course. (B) Relationship between choice bias
and task-evoked pupil response in the rare condition (left)
and frequent condition (right). Linear fits were plotted if
first-order fit was superior to constant fit; quadratic fits
were not superior to first-order fits. ‘X’ symbols are pre-
dictions from the drift diffusion model; stats, mixed linear
modeling. (C) As B, for relationship between drift diffusion
model parameters and task-evoked pupil response. All pan-
els: group average (N = 15); error bars, s.e.m.
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To assess whether pupil-linked modulation of accumulation biases adapts to the stimulus statistics, we
asked a new group of observers to perform the same auditory yes/no task, but with rare (P(Signal)=o0.3)
or frequent (P(Signal)=0.7) occurrence of targets (Material and Methods). As expected, subjects devel-
oped a conservative bias in the rare target condition and a liberal bias in the frequent target condition (Fig.
4A). We used three pupil-defined bins because there were fewer critical trials per individual (less than soo)
than in the previous data sets (more than soo; Materials and Methods). Critically, pupil response now
predicted changes in choice biases of opposite sign in the two conditions (Fig. 4B). In both conditions,
increased pupil response was associated with a tendency towards neutral bias. Again, the effect of pupil-
linked arousal on choice biases was mediated by shifts in accumulation biases (Fig. 4C). There was an
effect of pupil-linked arousal on starting point too, but in the opposite direction as the choice bias shift
(Fig. 4C). Again the pupil-linked changes in drift bias, but less so the changes in starting point, correlated
with the individual reductions in decision bias as measured by SDT in the rare condition (squared mul-
tiple correlation R? = 0.959; drift bias: beta = -0.97, p < 0.001; starting point: beta = -0.07, p = 0.039)
as well as in the frequent condition (squared multiple correlation R? = 0.997; drift bias: beta = -1.08, p
< 0.001; starting point: beta = 0.29, p = 0.024). Thus, again only the changes of drift bias explained the

reductions in decision bias.

2.2.§ PHASIC AROUSAL PREDICTS A REDUCTION OF CONSERVATIVE AND LIBERAL MEMORY ACCU-

MULATION BIASES

In many important real-life decisions, the evidence feeding into the decision process cannot be sampled
from the current sensory environment, but rather needs to be drawn from memory. It has been proposed
that memory-based decisions follow the same sequential sample principle established for perceptual de-
cisions, whereby the “samples” accumulated into the decision variable are drawn from memory [131, 139].
We next assessed whether the suppression of accumulation biases identified for perceptual decisions above
generalized to memory-based decisions.

To this end, we modeled the impact of pupil-linked phasic arousal on choice behavior in a yes/no
recognition memory task (Fig. sA; Materials and Methods). Subjects were instructed to memorize 150
pictures (intentional encoding) and to evaluate how emotional each picture was on a 4-point scale from
o (“neutral”) to 3 (“very negative”). Twenty-four hours post encoding, subjects saw all pictures that were
presented on the first day and an equal number of novel pictures in randomized order, and indicated for
each item whether ithad been presented before (“yes — 0ld”) or not (“no — new”). Data from an analogous
task have been successfully fitted with the diffusion model [140], indicating that the arousal component
of the images specifically alters accumulation bias (called “memory bias”). Here, we show the impact of
trial-to-trial variations in phasic arousal, as measured by pupil responses, factoring out variations in the
stimulus material (Materials and Methods).

The large sample size (N=s4) in this data set afforded another critical test of the adaptive nature of

the pupil-linked arousal effect. We observed a robust relationship between subjects’ overall choice bias,
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and the pupil predicted shift in that bias: those subjects with the strongest biases, liberal or conserva-
tive, exhibited the strongest pupil-predicted shift towards a neutral (optimal) bias (Fig. sB). Indeed, the
group-average choice bias (signal detection theoretic criterion; sign-flipped for overall liberal subjects)
was significantly reduced towards o (optimal) on large pupil response trials (Fig. sC). Again, this effect
of pupil-linked arousal on choice bias was mimicked by corresponding changes in accumulation bias (Fig.
sD, Fig. SsE,F) and not by changes in starting point (Fig. SsE,F) (difference in correlation: Ar = -0.599,
p < o.001). Note that lower criterion values indicate more liberal behavior, and lower drift bias values
more conservative behavior, which explains the correlations of opposite sign in Fig. s panels B and D.
The pupil response further predicted an increase in drift rate (p = 0.01, an increase (i.e. lengthening) on
non-decision time, and no changes in starting point (p = 161) or boundary separation (p = 0.089) (Fig.
SsE). Taken together, we conclude that phasic arousal reduces choice biases, irrespective of sign, and thus

can shift both conservative and liberal biases towards optimality.
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Figure 5: Phasic arousal predicts a reduction of memory accumulation biases. (A) A Picture yes/no (forced-choice) recognition task.
Schematic sequence of events during a trial. Subjects judged whether they had seen pictures twenty-four hours previously during an
encoding task (Materials and Methods). See Fig. S5A,B for task-evoked pupil response time course. (B) Individual pupil predicted shift in
choice bias (quantified by signal detection criterion), plotted against individual’s overall choice bias. Data points, individual subjects. Stats,
Pearson’s correlation. Error bars, 60% confidence intervals (bootstrap) (C) Choice bias (sign-flipped for overall liberal subjects) for low and
high pupil response bins. Green line, optimal bias; ‘X’ symbols are predictions from the drift diffusion model; stats, paired-samples t-test;
group average (N = 54); error bars, s.e.m. (D) As B, but pupil predicted shift in drift bias, plotted against individual’s overall choice bias.

2.2.6 AROUSAL-LINKED BIAS REDUCTION GENERALIZES TO HIGH-LEVEL DECISIONS

Does the arousal-related suppression of accumulation bias generalize to more high-level forms of biases
identified in behavioral economics? Systematic deviations of human decision-making from rational choice
are ubiquitous in value-based decision-making and higher-level reasoning [132, 141, 142]. One form of
such biases is risk-seeking, the tendency to choose options with large uncertainty about their outcome.
To study the impact of phasic arousal on risk-seeking, we used a task that probes decisions based on
varying numerical information, akin to deciding which of two fluctuating stock options had the higher
returns in the past year [132, 141]. Participants (N = 37) were instructed to average two sequences of pay-
off values (5—8 pairs) and, after the appearance of a response cue, choose the most “profitable” sequence

(Fig. 6A; Materials and Methods). Because the decision is based on the accumulation of fluctuating sam-
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ples (in this case numbers), it is amenable to the sequential sampling modeling approach we applied to
perceptual decision-making above. We designed two trial types to quantify subjects’ attitudes towards
risk. On “narrow-correct” trials, the standard deviation of the more profitable sequence was lower than
that of the losing sequence; on “narrow-error”, trials this was reversed (Fig. 6B and Materials and Meth-
ods). Risk preference was quantified as a “pro-variance bias”: the fraction of high-variance choices pooled
across both trial types (Materials and Methods). As in previous work [132, 141], subjects exhibited a sys-
tematic pro-variance bias, indicating risk seeking (fraction of high-variance choices larger than o.s; Fig.
6C). Indeed, the pro-variance bias was suppressed as a function of pupil response (Fig. 6C). This bias was
most reduced on intervals characterized by relatively strong pupil-linked phasic arousal responses. Pupil
responses did not predict changes in RT or accuracy (Fig. S6C). We used three pupil-defined bins because

of the relatively few critical trials per individual (less than soo; Materials and Methods).

We again used sequential sampling modeling to pinpoint the source of the pupil-linked pro-variance
bias suppression. Previous work on this task has uncovered specific deviations in the evidence accumula-
tion process from the one at play in standard perceptual choice tasks [132]. We thus first compared the
ability of four established decision-making models to account for behavior in the task (see Materials and
Methods for mathematical descriptions): the drift diffusion model (DDM) that well accounted for all the
previous data sets; the leaky accumulator model (LAM; [18]); the leaky competing accumulator model
(LCAM; [53]); and the leaky selective accumulator model (LSAM; [141]). All models entail the perfect
(DDM) or leaky (all other models) accumulation of the presented pairs of numbers across the trial. In the
LSAM, accumulation is biased by a so-called selective gain parameter that prioritizes (i.e. assigns larger
weight to) to the number that is higher on a given pair, giving rise to the pro-variance bias observed in

choice behavior [141].

Two separate criteria both favored the LSAM. First, group average BICs were lowest for the LSAM
(242.30) compared to the DDM (248.48), LAM (243.64) and LCAM (248.73). BIC compares models
based on their maximized log-likelihood value, while penalizing for the number of parameters [143].
Lower BIC values indicate a model that better explained the data, whereby BIC differences of 10 indicate
a decisively better fit [143]. Second, and more importantly, only the LSAM was able to jointly account
for two diagnostic behavioral signatures: (i) recency bias, a tendency to rely more on recent than on early
samples of evidence (Fig. 6E; Fig. S6D; Materials and Methods); and (ii) the pro-variance bias (Fig. 6C).
The DDM, by assuming perfect accumulation, could not account for recency or pro-variance biases (Fig.
6E,F). The LAM and the LCAM included leak terms and could therefore account for the recency bias;
however, both models failed to capture the pro-variance bias (but see Fig. S6E). Only LSAM could ac-
count for both features of behavior (Fig. 6D-F).

Having established the LSAM as the best-fitting model for this task, we then used the LSAM fits to
evaluate the effects of phasic arousal on evidence accumulation. Consistent with previous studies, the se-
lective gain parameter was larger than o (Fig. 6G), indicating an overall tendency towards down-weighting

samples that were momentarily lower in value. But, critically, selective gain was pushed closer towards
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Figure 6: Phasic arousal predicts reduced risk seeking bias in a value-based choice task. (A) Value-based choice task. Schematic sequence
of events during a trial. Subjects integrated two value sequences (5-8 pairs) and judged which sequence had on average the higher value.
(B) On “narrow-correct” trials, the standard deviation of the more profitable sequence was lower than that of the losing sequence; on
“narrow-error”, trials this was reversed. (C) Relationship between pro-variance bias (Materials and Methods) and pupil response. Linear
fits are plotted wherever the first-order fit was superior to the constant fit (Materials and Methods); quadratic fits were not superior to
first-order fits. Green line, optimal fraction of high-variance choices; ‘X’ symbols are predictions from the drift diffusion model; stats,
mixed linear modelling. (D) Schematic of the leaky selective accumulator model (LSAM; Materials and Methods). At the end of the
accumulation period (after 5-8 number pairs) the accumulator with the higher total integrated value determines choice. The momentarily
higher values pass onto the accumulation layer unaffected, but the momentarily lower ones are truncated according to the “selective gain”.
(E) Psychophysical kernels, indicating the effect of each pair of numbers on observers’ choice (plotted only for trials with 8 pairs; see Fig.
S6D for all trial durations). Lines, exponential fits to data (grey) or model predictions (colors). (F) Time constant from exponential fit in E
(top) and pro-variance bias (bottom) for the data (grey) and model predictions (colors). (G) As C, but for the LSAM parameters noise (left)
and leak (middle) and selective gain (right). All panels: group average (N = 32); error bars, s.e.m.

zero on trials characterized by large pupil responses (Fig. 6G), mediating a reduction in the pro-variance
bias. We did not find robust evidence for pupil-predicted changes in other model parameters such as leak
(controlling the time-constant of accumulation) or noise. In other words, also in this high-level task did
phasic pupil-linked arousal predict a selective change in evidence accumulation process, here reducing a
risk-seeking bias.

In this task, a pro-variance bias can in fact be adaptive (i.e. improve reward rate) if noise corrupts

the accumulation process downstream the of representation of the incoming numbers: for a given level
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of accumulation noise the selective gain parameter maximizing accuracy is generally non-zero [141]. We
used the best-fitting accumulation noise for each participant to obtain the selective gain parameter that
maximized accuracy and calculated the pro-variance bias predicted by this selective gain parameter (green
line in Fig. 6C for a group average). The stronger the pupil responses, the closer to optimal was the
measured pro-variance bias, with the optimal pro-variance bias obtained for the largest pupil response
bin. Therefore, consistent with the perceptual tasks, stronger phasic pupil arousal in a high-level task was

associated with more optimal decision-making.

2.2. THE PHASIC AROUSAL-RELATED BIAS SUPPRESSION IS DISTINCT FROM ONGOING, AROUSAL
7

STATE FLUCTUATIONS

One concern might be that the bias suppression effects under large pupil responses reported here were
due to associations between the preceding baseline pupil diameter and behavior. Such baseline effects
might be “inherited” by the phasic pupil response through its commonly negative correlation with base-
line pupil diameter [40, 72], which likely causes floor and ceiling effects on pupil size due to eye muscle
geometry and light conditions. Inherited correlation with baseline pupil could not account for the results
reported here, for anumber of reasons. First, in the go/no-go data sets, pupil responses were quantified as
the rising slopes (see above), and those exhibited a negligible correlation to the preceding baseline diameter
(mice: r = 0.014, +0.028 s.e.m.; humans: r = -0.037, to.017 s.e.m.). Second, there was a non-monotonic
association between baseline pupil diameter and decision bias in mice [76], in contrast to the monotonic
pattern we observed here for phasic arousal in the same dataset (Fig. 1F). Third, while the pupil responses
were negatively related to baseline pupil diameter in the basic yes/no (r = -0.159, £0.017 s.e.m.), the yes/no
rare condition (r = -0.163, £0.041 s.e.m.), the yes/no frequent condition (r = -0.109, 0.047 s.e.m.), and
numbers (r = -0.482, *o0.010 s.e.m.) data sets, there was either no or a weak systematic (linear or non-
monotonic) association between baseline pupil diameter and decision bias (go/no-go: p = 0.97s; yes/no:
P = 0.557; yes/no rare: p = 0.043; yes/no frequent: p = 0.556; numbers: p = 0.289). Fourth, in the yes/no
recognition task, there was again a negligible correlation between pupil response and preceding baseline
diameter (r = -0.010, *o0.010 s.e.m.). Thus, the behavioral correlates of pupil responses reported in this
paper reflect genuine effects of phasic arousal, which are largely uncontaminated by the baseline arousal

state.

2.3 DiscussioN

Arousal is traditionally thought to globally up-regulate the efficiency of information processing (e.g., the
quality of evidence encoding or the efficiency of accumulation [6, 11]). However, recent work indicates
that phasic arousal signals might have more specific effects, such as reducing the impact of prior expec-
tations and biases on decision formation [33, 40, 74, 125, 126]. We here established a principle of the

function of phasic arousal in decision-making, which generalizes across species (humans and mice) and
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behavioral tasks (from perceptual to memory-based and numerical decisions): suppressing maladaptive

biases in the accumulation of evidence leading up to a choice.

We identified this principle in human and mouse choice behavior in the same auditory decision task.
Task-evoked pupil responses occurred early during decision formation, even on trials without any motor
response, and predicted a suppression of conservative choice bias. Behavioral modeling revealed that the
bias reduction was due to a selective interaction with the accumulation of the fluctuating sensory input
(evidence). We furthermore showed that phasic arousal flexibly reduces accumulation biases, irrespective
of sign, in the presence of different stimulus statistics. Finally, we established the pupil-linked suppres-
sion of evidence accumulation bias also for memory-based decision, and for higher-level form of human
bias widely known in behavioral economics: risk-seeking. We conclude that the ongoing deliberation
culminating in a choice [20] is shaped by transient boosts in the global arousal state of the brain, in a

stereotyped fashion: suppression of evidence accumulation bias.

We here used pupil responses as a peripheral readout of changes in cortical arousal state [11, 32]. In-
deed, recent work has shown that pupil diameter closely tracks several established measures of cortical
arousal state [11, 32]. Changes in pupil diameter are also associated with locus coeruleus (LC) responses
in humans [33, 34], monkeys [3s, 36], and mice [37-39]. But some of these studies also found unique
contributions to pupil size in other subcortical regions like the superior and inferior colliculi, the cholin-
ergic basal forebrain and dopaminergic midbrain [33, 35, 39]. Thus, we remain agnostic about the exact

neuroanatomical source(s) of the reported effects of phasic arousal.

We chose the drift diffusion model to capture the behavioral data from the go/no-go and yes/no tasks
because the model: (i) is sufficiently low-dimensional so that its parameter estimates are well constrained
by the choices and shape of RT distributions, (ii) has been shown to successfully account for behavioral
data from a wide range of decision-making tasks, including go/no-go [2s, 137], and (iii) is, under certain
parameter regimens, equivalent to a reduction of biophysically detailed neural circuit models of decision-
making [18, 144]. The drift diffusion model required us to make three main assumptions. First, in the
go/no-go task, participants accumulated the auditory evidence within each discrete noise sound during a
trial, resetting this accumulation process before each next discrete sound. Second, in both the go/no-go
and yes/no tasks, that subjects actively accumulated evidence towards both yes- and no-choices, which
is supported by neurophysiological data from yes/no tasks [26, 52]. Third, in the go/no-go task, that
subjects set an implicit boundary for no-choices [137]. The quality of our model fits suggest that the
model successfully accounted for the measured behavior, lending support to the conclusions drawn from

the parameter estimates.

The behavioral models for the perceptual and value-based task included a somewhat different mecha-
nism to account for the pupil-predicted bias suppression. First, the drift diffusion model accounted for
the suppression of perceptual and memory choice by assuming an additive mechanism: arousal shaped
the evidence-independent constant (towards “yes” or “no”) that was added to the mean evidence (i.c.,

drift). Second, the selective integration model accounted for the reduction of a pro-variance (risk-seeking)
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bias by assuming a multiplicative mechanism: arousal shaped the multiplicative gain (weighting) of the
momentary evidence. Could a single additive or multiplicative mechanism capture the bias shifts in
both tasks? We think this is unlikely, as the overt bias was different in nature: the perceptual and mem-
ory choice biases were an overall tendency to responding “yes” more often than “no” (or the other way
around) regardless of the objective evidence. By contrast, the pro-variance bias did not map onto the
choice boundaries (for “left” and “right”) but was an overall tendency to choose the more volatile se-
quence of values, and thus depends on the interaction with the evidence. Although the suppression of
perceptual and memory choice biases was well accounted for by an additive effect, we cannot, at present,
rule out a multiplicative effect on momentary evidence accumulation. From the analyses presented here,
we can conclude that phasic arousal affects the evidence accumulation process, resulting in a monotonic

suppression of a wide range of biases.

The monotonic effects of phasic arousal on decision biases that we report here contrast with recent ob-
servations that tonic (pre-stimulus) arousal levels have a non-monotonic (inverted U) effects on behavior
(perceptual sensitivity and bias) and neural activity (the signal-to-noise ratio of thalamic and cortical sen-
sory responses; [76, 145]. Importantly, our current work enables a direct comparison of these functional
correlates of tonic and phasic arousal within the exact same data set in mice. A previous report on that
data set showed that the mice’s behavioral performance was most rapid, accurate, and the least biased at
intermediate arousal (medium baseline pupil size) [76]. In contrast, we here show that their behavioral
performance was linearly related to phasic arousal, with the most rapid, accurate and least biased choices
for the largest phasic arousal transients. It is tempting to speculate that these differences reflect different
neuromodulatory systems governing tonic and phasic arousal. Indeed, rapid dilations of the pupil (pha-
sic arousal) are more tightly associated with phasic activity in noradrenergic axons, whereas slow changes

in pupil (tonic arousal) are accompanied by sustained activity in cholinergic axons [39].

Recent findings indicate that intrinsic behavioral variability is increased during sustained (“tonic”) ele-
vation of NA levels, in line with the “adaptive gain theory” [6]. First, optical stimulation of LC inputs to
anterior cingulate cortex caused rats to abandon strategic counter prediction in favor of stochastic choice
in a competitive game [146]. Second, chemogenetic stimulation of the LC in rats performing a patch
leaving task increased decision noise and subsequent exploration [147]. Third, pharmacologically reduc-
ing central noradrenaline levels in monkeys performing an operant effort exertion task parametrically in-
creased choice consistency [148]. Finally, pharmacologically increasing central tonic noradrenaline levels
in human subjects boosted the rate of alternations in a bistable visual input and long-range correlations
in brain activity [10]. Here, we tested for the effect of phasic arousal on a range of behavioral parameters,
including decision noise. In the drift diffusion model, increased decision noise would manifest as a de-
crease of the mean drift rate, which scales inversely with (within-trial) decision noise. We found no such
effect that was consistent across data sets. This is another indication, together with the baseline pupil

effects reported by [76], that the effects of phasic and tonic neuromodulation are distinct.

One influential account holds that phasic LC responses during decision-making are triggered by the
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threshold crossing in some circuit accumulating evidence, and that the resulting noradrenaline release
then facilitates the translation of the choice into a motor act [6]. Within the drift diffusion model, this
predicts a reduction in non-decision time and no effect on evidence accumulation. In contrast to this pre-
diction, we found that in all our datasets that phasic arousal affected evidence accumulation (suppressing
biased therein), but not non-decision time. Our approach does not enable us to rule out an effect of pha-
sic arousal on movement execution (i.e., kinematics). Yet, our results clearly establish an important role
of phasic arousal in evidence accumulation, ruling out any purely post-decisional account. This implies
that phasic LC responses driving pupil dilation are already recruited during evidence accumulation, or
that the effect of pupil-linked arousal on evidence accumulation are governed by systems other than the
LC. Future experiments characterizing phasic activity in the LC or other brainstem nuclei involved in

arousal during protracted evidence accumulation tasks could shed light on this issue.

It is tempting to speculate that task-evoked neuromodulatory responses and cortical decision circuits
interact in a recurrent fashion. One possibility is that neuromodulatory responses alter the balance be-
tween “bottom-up” and “top-down” signaling across the cortical hierarchy [57, 59-61,149]. Sensory corti-
cal regions encode likelihood signals and sent these (bottom-up) to association cortex; participants’ prior
beliefs (about for example target probability) are sent back (top-down) to the lower levels of the hierar-
chy [62, 67]. Neuromodulators might reduce the weight of this prior in the inference process 57, 105],
thereby reducing choice biases. Another possibility is neuromodulator release might scale with uncer-
tainty about the incoming sensory data [s7, 105]. Such a process could be implemented by top-down
control of the cortical systems decision-making over neuromodulatory brainstem centers. This line of
reasoning is consistent with anatomical connectivity [6, 91]. Finally, a related conceptual model that has
been proposed for phasic LC responses is that cortical regions driving the LC (e.g. ACC) continuously
compute the ratio of the posterior probability of the state of the world, divided by its (estimated) prior
probability [30]. LCis then activated when neural activity ramps towards the non-default choice (against
ones’ bias). The resulting LC activity might reset its cortical target circuits [31] and override the default

state [30], facilitating the transition of the cortical decision circuitry towards the non-default state.

The finding that phasic arousal also optimizes choice behavior in the value-based choice task comple-
ments recent insights into the impact of tonic arousal and stress on value-based decision-making [150].
For example, acute stress reduces risk-seeking when making decisions involving financial gains [1s1], it in-
creases overexploitation in sequential foraging decisions [152], and it impairs “model-based” goal-directed
choice behavior [153, 154]. A direct comparison between these studies and ours is complicated by the dif-
ferent tasks used as well as the different behavioral states assessed (stress vs. phasic arousal). But the effects
of acute stress on cognition and decision-making are mediated, at least in part, by tonic noradrenaline and
dopamine release [155]. It is tempting to interpret the current findings as a flip-side of the impairment
in choice optimality found in the previous stress work: catecholaminergic modulation not only hampers,

but can also boost, choice optimality when its duration is more confined.

If, as we show, phasic arousal monotonically optimizes evidence accumulation, why is not always en-
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gaged as strongly as possible? There are several possible reasons. First, phasic LC responses depend in
a non-monotonic fashion on baseline LC activity [6]. The baseline activity of neuromodulatory brain-
stem centers, in turn, is shaped by the many inputs that they receive. Most inputs inform about general
bodily state, and the top-down inputs conveying the cognitive signals related to decision-making make
up only a modest fraction of these inputs. Thus, even if the top-down signals driving phasic arousal
were perfectly calibrated to continuously optimize task performance, the phasic arousal responses per se
might not be. In other words, arousal systems might well act close to optimally in juggling all a plethora
of tradeoffs between different tasks in real life; our optimality analysis only focuses on a small subset.
Related, neuromodulatory baseline activity likely mediates shifts between rest, exploitation (performing
the task in order to obtain the rewards) and exploration (looking for more rewarding alternatives) [6, 11].
Thus, through the same baseline dependence, phasic arousal might not always be perfectly calibrated to
optimize task performance. Finally, phasic arousal might not always be engaged as strongly as possible
because of its energetic costs: in the brain, neuromodulatory activation of G-protein coupled cascades
are metabolically costly, and taxing on cells due to for example free radicals, and calcium load; in the rest
of the body, LC-NA signaling triggers the release of glucose from energy stores.

Our study showcases the value of comparative experiments in humans and non-human species. One
would expect the basic functions of arousal systems (e.g. the LC-NA system) to be analogous in humans
and rodents. Yet, it has been unclear whether these systems are recruited by the same computational
variables entailed in decision-making. Computational variables like decision uncertainty or surprise are
encoded in prefrontal cortical regions (e.g. anterior cingulate or orbitofrontal cortex [156-158] and con-
veyed to brainstem arousal systems via top-down projections [6, 37]. Both the cortical representations
of computational variables and top-down projections to brainstem may differ between species. More
importantly, it has been unknown whether key components of the decision formation process, in partic-
ular evidence accumulation, would be affected by arousal signals in the same way between species. Only
recently has it been established that rodents (rats) and humans accumulate perceptual evidence in an anal-
ogous fashion [68]. Here, we established that the shaping of evidence accumulation by phasic arousal is

also governed by a conserved principle.

2.4 MATERIALS AND METHODS

2.4.1 SUBJECTS

All procedures concerning the animal experiments were carried out in accordance with Yale University
Institutional Animal Care and Use Committee, and are described in detail elsewhere [76]. Human sub-
jects were recruited and participated in the experiment in accordance with the ethics committee of the
Department of Psychology at the University of Amsterdam (go/no-go and yes/no task), the ethics com-
mittee of Baylor College of Medicine (yes/no task with biased signal probabilities), the ethics committee

of the University of Hamburg (recognition task) or the ethics committee of the University Medical Cen-
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ter Hamburg-Eppendorf (value-based choice task). Human subjects gave written informed consent and
received credit points (go/no-go and yes/no tasks) or a performance-dependent monetary remuneration
(yes/no task with biased signal probabilities, recognition task and value-based choice task) for their par-
ticipation. We analyzed three previously unpublished human data sets, and re-analyzed a previously pub-
lished mice data set [76] and two human data sets [33, 159]. Bergt et al. (2018) [159] have analyzed pupil
responses only during the encoding phase of the recognition memory experiment — we here present the
first analyses of pupil responses during the recognition phase.

Five mice (all males; age range, 2—4 months) and twenty human subjects (15 females; age range, 19-28
y) performed the go/no-go task. Twenty-four human subjects (of which 18 had already participated in
the go/no-go task; 20 females; age range, 19-28 y) performed an additional yes/no task. Fifteen human
subjects (8 females; age range, 20-28 y) performed the yes/no task with biased signal probabilities. Fifty-
four human subjects (27 females; age range, 18—35 y) performed a picture recognition task, of which two
were excluded from the analyses due to eye-tracking failure. Thirty-seven human subjects (18 females; age
range, 20—36 y) performed a value-based choice task, of which five were excluded from the analyses due
to bad eye tracking data quality and/or excessive blinking.

For the go/no-go task, mice performed between five and seven sessions (described in [76]), yielding a
total of 2469-3479 trials per subject. For the go/no-go task, human participants performed 11 blocks of
6o trials each (distributed over two measurement sessions), yielding a total of 660 trials per participant.
For the yes/no task, human participants performed between 11 and 13 blocks of 120 trials each (distributed
over two measurement sessions), yielding a total of 1320-1560 trials per participant. For the yes/no task
with biased signal probabilities, human subjects performed 8 blocks of 120 trials each (distributed over
two measurement sessions), yielding a total of 960 trials per participant. For the picture recognition task,
human subjects performed 300 trials. For the value-based choice task, we only analyzed data from one of
the experimental conditions (“pro-variance” condition, recorded during the placebo and nocebo sessions,

see below) yielding a total of 288 trials per participant.

2.4.2 BEHAVIORAL TASKS

AUDITORY GO/NO-GO TONE-IN-NOISE DETECTION TASK  Each trial consisted of two to seven consec-
utive distinct auditory noise stimuli (stimulus duration, 1 s; inter-stimulus-interval, 0.5 s). A weak signal
tone (pure sine wave) was superimposed onto the last noise stimulus (Fig. 1A). The number of noise
stimuli, and thus the signal position in the sequence, was randomly drawn beforehand. The probability
of a target signal decreased linearly with sound position in the sequence (Fig. 1B), so as to keep hazard rate
of signal onset approximately flat across the trial. Each trial was terminated by the subject’s go-response
(hit or false alarm) or after a no-go error (miss). Each interval consisted of only an auditory noise stimulus
[76], or a pure sine wave (2 KHz) superimposed onto one of the noise stimuli. In the mice experiment,
auditory stimuli were presented at an intensity of ssdB. In the human experiment, auditory stimuli were

presented at an intensity of 65dB using an IMG Stageline MD-s000DR over-ear headphone, suppressing
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ambient noise. Otherwise, it was the same behavioral set-up as in [40].

Mice learned to respond during the signal-plus-noise intervals and to withhold responses during noise
intervals through training. Human participants were instructed to do the same. Mice responded by
licking for sugar water reward. Humans responded by pressing a button with their right index finger.
Correct yes-choices (hits) were followed by positive feedback: 4 uL of sugar water in the mice experiment,
and a green fixation dot in the human experiment. False alarms were followed by an 8 s timeout. Humans
received an 8 s timeout after misses too.

Target signal loudness was randomly selected on each trial, under the constraint that each of six (mice)
or five (humans) levels would occur equally often within each session (mice) or block of 6o trials (humans).
The corresponding loudness exhibited a robust effect on mean accuracy, with highest accuracy for the
loudest signal level: F(s5,20) = 23.95, p < 0.001) and F(4,76) = 340.9, p < 0.001), for mouse and human
subjects respectively. Human hit-rates were almost at ceiling level for the loudest signal: 94.7% (£0.69%
s.e.m.). Because so few errors are not enough to sufficiently constrain the drift diffusion model, we merged

the two conditions with the loudest signals.

AUDITORY YES/NO (FORCED CHOICE) TONE-IN-NOISE DETECTION TASK  FEach trial consisted of two
consecutive intervals (Fig. 3A): (i) the baseline interval (3-4 s uniformly distributed); (ii) the decision in-
terval, the start of which was signaled by the onset of the auditory stimulus and which was terminated
by the subject’s response (or after a maximum duration of 2.5 s). The decision interval consisted of only
an auditory noise stimulus [76], or a pure sine wave (2 KHz) superimposed onto the noise. In the first
experiment, the signal was presented on 50% of trials (Fig. 3A). Auditory stimuli were presented at the
same intensity of 6sdB using the same over-ear headphone as in the go/no-go task. In the second exper-
iment, in order to experimentally manipulate perceptual choice bias, the signal was presented on either
30% of 70% of trials. Auditory stimuli were presented at approximately the same loudness (65dB) using
a Sennheiser HD 660 S over-ear headphone, suppressing ambient noise.

Participants were instructed to report the presence or absence of the signal by pressing one of two
response buttons with their left or right index finger, once they felt sufficiently certain (free response
paradigm). The mapping between perceptual choice and button press (e.g., “yes” —> right key; “no” —>
left key) was counterbalanced across participants. After every 4o trials subjects were informed about their
performance. In the second experiment, subjects were explicitly informed about signal probability. The
order of signal probability (e.g., first 480 trials —> 30%; last 480 trials —> 70%) was counterbalanced across
subjects.

Throughout the experiment, the target signal loudness was fixed at a level that yielded about 75% cor-
rect choices in the 50% signal probability condition. Each participant’s individual loudness was deter-
mined before the main experiment using an adaptive staircase procedure (Quest). For this, we used a
two-interval forced choice variant of the tone-in-noise detection yes/no task (one interval, signal-plus-

noise; the other, noise), in order to minimize contamination of the staircase by individual bias (generally
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smaller in two-interval forced choice than yes/no tasks). In the first experiment, the resulting threshold
loudness produced a mean accuracy of 74.14% correct (+0.75% s.e.m.). In the second experiment, the
resulting threshold loudness produced a mean accuracy of 84.40% correct (£1.75% s.e.m.) and 83.37%
correct (£1.36% s.e.m.) in the P(Signal)=0.3 and P(Signal)=0.7 conditions, respectively. This increased
accuracy was expected given the subjects’ ability to incorporate prior knowledge about signal probability

into their decision-making.

PICTURE YES/NO (FORCED-CHOICE) RECOGNITION  The full experiment consisted of a picture and
word encoding task, and a 24 hours-delayed free recall and recognition tests (Fig. sA) previously described
in (Bergt et al., 2018). Here we did not analyze data from the word recognition task because of a modal-
ity mismatch: auditory during encoding, visual during recognition. During encoding, 75 neutral and 75
negative greyscale pictures (modified to have the same average luminance) were randomly chosen from
the picture pool [159] and presented in randomized order for 3 seconds at the center of the screen, against
a grey background that was equiluminant to the pictures. Subjects were instructed to memorize the pic-
tures (intentional encoding) and to evaluate how emotional each picture was on a 4-point scale from o
(“neutral”) to 3 (“very negative”). During recognition, 24-hours post encoding, subjects saw all pictures
that were presented on the first day and an equal number of novel neutral and negative items in random-
ized order. Subjects were instructed to indicate for each item whether it had been presented the previous
day (“yes — old”) or not (“no — new”). For items that were identified as “old”, participants were further
asked to rate on a scale from 1 (“not certain”) to 4 (“very certain”) how confident they were that the item

was indeed “old”.

VALUE-BASED CHOICE TASK Each trial consisted of four consecutive intervals (Fig. 6A): (i) a pre-
stimulus baseline interval (3.0 s); (ii) a stimulus interval consisting of 5—8 pairs of numbers; (iii) a response
interval which was prompted by the fixation dot turning white and which was terminated by the partici-
pant’s response or after a maximum of 2 s. Immediately after the response the fixation dot turned green
or red, for correct and incorrect responses respectively, and stayed on screen for an additional o.5 s (iv).

Participants were instructed to report which sequence (left or right) had, on average, the higher value.
They indicated this judgment by pressing one of two response buttons, with the index finger of the left
or right hand. Subjects received feedback at the end of each trial (green fixation dot, correct; red fixation
dot, error). Participants were informed about their accuracy so far at the end of each block. On each
session, participants received a maximum of €10 bonus (calculated as (X-0.7) x 10, where X was their
overall fraction of correct choices or accuracy; for X > 0.8 the bonus was capped at €10).

The 5-8 pairs of 2-digit numerical values were black and presented sequentially, to the left and right of
a central fixation point (0.34°diameter) against a grey background. Each number pair faded-in, changing
linearly from grey to black for the first 300 ms, remained black for 200 ms, and then faded-out to grey
for the last 300 ms. The viewing distance was 65 cm and each numerical character was 0.66°wide and

0.95°long.
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In all trials there was a correct answer, with the average difference between the higher and the lower
sequence being sampled from d ~ U(1, 12) with a mean of 6.5. This experiment contained three condi-
tions, which were intermixed within a block of trials: a neutral condition, a condition designed to induce
a “pro-variance” effect, and a condition designed to induce a “frequent winner” effect. In this report, we
present analyses of the pro-variance condition; results of the neutral and frequent winner conditions will
be the focus of another report. The pro-variance condition involved two types of trials, “narrow-correct”
trials and “narrow-error” trials. In both types of trials the sequences were generated from Gaussian dis-
tributions, with the mean of the higher sequence (#H) sampled from uH ~ U(45,65). The mean of
the lower sequence was uL = uH — d. In the narrow-correct trials, the standard deviation of the higher
sequence was o/1 = 10 while the standard deviation of the lower sequence was 6L = 20; in the narrow-

error trials this was reversed (6H = 20 and oL = 10).

This experiment was part of a larger study that also included MEG measurements of cortical activity
combined with pharmacological intervention. Subjects performed the number integration task in three
measurement sessions (nocebo, placebo, drug [lorazepam]); they received an additional fixed €25 in the

nocebo session, and an additional €70 in the placebo and drug sessions.

2.4.3 PUPIL DATA ACQUISITION

The mouse pupil data acquisition is described elsewhere [76]. The human experiments were conducted
in a psychophysics laboratory (go/no-go and yes/no tasks) or in the MEG laboratory (value-based choice
task). The left eye’s pupil was tracked at 1ooo Hz with an average spatial resolution of 15 to 30 min arc, us-
ing an EyeLink 1000 Long Range Mount (SR Research, Osgoode, Ontario, Canada), and it was calibrated

once at the start of each block.

2.4.4 ANALYSIS OF TASK-EVOKED PUPIL RESPONSES

PREPROCESSING  Periods of blinks and saccades were detected using the manufacturer’s standard algo-
rithms with default settings. The remaining data analyses were performed using custom-made Python
scripts. We applied to each pupil timeseries (i) linear interpolation of missing data due to blinks or other
reasons (interpolation time window, from 150 ms before until 150 ms after missing data), (ii) low-pass
filtering (third-order Butterworth, cut-off: 6 Hz), (iii) for human pupil data, removal of pupil responses
to blinks and to saccades, by first estimating these responses by means of deconvolution and then remov-
ing them from the pupil time series by means of multiple linear regression (Knapen et al., 2016), and (iv)
conversion to units of modulation (percent signal change) around the mean of the pupil time series from
each measurement session. We computed the first time derivative of the pupil size, by subtracting the size
from adjacent frames, and smoothened the resulting time series with a sliding boxcar window (width, so

ms).
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QUANTIFICATION OF TASK-EVOKED PUPIL RESPONSES The auditory yes/no tasks and the yes/no
recognition task were analogous in structure to the tasks from our previous pupillometry and decision-
making studies 33, 40]. We here computed task-evoked pupil responses time-locked to the behavioral
report (button press). We used motor response-locking because motor responses, which occurred in all
trials, elicit a transient pupil dilation response [40, 133]. Thus, locking pupil responses to the motor
response balanced those motor components in the pupil responses across trials, eliminating them as a
confounding factor for estimates of phasic arousal amplitudes. Specifically, we computed pupil responses
as the maximum of the pupil derivative time series [39] in the 500 ms before button press (grey windows
in Figs. S3B, S4A, SsA). The resulting pupil bins were associated with different overall pupil response
amplitudes across the whole duration of the trial (Figs. S3C, S4B, SsB).

The go/no-go and value-based choice task entailed several deviations from the above task structure
that required different quantifications of task-evoked pupil responses. The go/no-task had, by design,
an imbalance of motor responses between trials ending with different decisions, with no motor response
for (implicit) no-choices. Thus, the above-described transient motor component to the pupil response
would yield larger pupil responses for yes- than for no-choices, even without any link between phasic
arousal and decision bias. We took two approaches to minimize contamination by this motor imbalance.
First, we quantified the pupil responses as the maximum of the pupil derivative in an early window that
ranged from the start of the pupil derivative time course being significantly different from zero up to the
first peak (grey windows in Fig. 1D). For the mice, this window ranged from 40-190 after sound onset; for
humans, this window ranged from 240-460 ms after sound onset. Second, we excluded decision intervals
with a motor response before the end of this window plus a so ms buffer (cutoff: 240 ms for mice, s10 ms
for humans; Fig. SiE,K). In both species, the resulting pupil derivate defined bins were associated with

different overall pupil response amplitudes across the whole duration of the trial (Fig. S1IG,M).

In the value-based choice task, we computed pupil responses as the mean pupil size from 1.5 s to 4.5s
after the onset of the first pair of samples (grey window in Fig. S6A), with the pre-trial baseline pupil size
(mean pupil size in the 500 ms before the first pair of samples) subtracted out. We choose this window
of interest for three reasons. First, to quantify the amplitude of phasic arousal across the full interval of
evidence accumulation, which was substantially longer than in the go/no-go and yes/no tasks (4.0-6.4
s vs. ~ 1s). Second, the first 1.5 s after stimulus onset were excluded because here we observed initial
constriction of the pupil below pre-stimulus baseline level, likely elicited by the high-contrast numbers
elicited (Fig. S6A). Third, as pupil diameter increased with each sample after the first (Fig. S6A), larger
pupil responses were to be expected for 8-sample compared to s-sample trials. Therefore, we computed
pupil responses aligned to stimulus onset, while excluding motor and/or feedback-related components
occurring post 4.5 s for the shortest trials (5 samples) (Fig. S6A, left). The resulting pupil-response defined
bins were associated with different overall pupil response amplitudes across the whole duration of the trial

(Fig. SGB).

For analyses of the go/no-go and yes/no tasks, we used five equally populated bins of task-evoked
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pupil response amplitudes. We used three bins for the yes/no task with biased environments and the
value-based task, because subjects performed substantially fewer trials (see Subjects). We used two bins
for the recognition task, so that we could perform the individual difference analysis reported in Fig. 5. In
the recognition task, we ensured that each pupil bin contained an equal number of neutral and emotional
stimuli. In all cases, the results are qualitatively the same when using five equally populated bins of task-

evoked pupil response amplitudes.

2.4.5 ANALYSIS AND MODELING OF CHOICE BEHAVIOR

In the go/no-go task, each stimulus in a given trial (i.e., sequence discrete signal-plus-noise or noise-only
sounds) was interpreted as a separate decision. The first stimulus of each trial (see Bebavioral tasks) was
excluded from the analyses, because this interval served as a reference and never included the target signal
(pure sine wave). In the go/no-go and yes/no tasks, reaction time (RT) was defined as the time from
stimulus onset until the lick or button press. In the value-based choice task, RT was defined as the time
from the last sample offset until the button press. In the mice go/no-go data set, intervals with RTs shorter
than 240 ms were excluded from the analyses (see Qugntification of task-evoked pupillary responses and
Fig. SiE); in the human go/no-go data set, intervals with RTs shorter than s1o ms were excluded from the

analyses (Fig. S1K).

SIGNAL-DETECTION THEORETIC MODELING (GO/NO-GO AND YES/NO TASKS)  The signal detection
metrics sensitivity (d’) and criterion (c) [24] were computed separately for each of the bins of pupil re-
sponse size. We estimated d’ as the difference between z-scores of hit-rates and false-alarm rates. We
estimated criterion by averaging the z-scores of hit-rates and false-alarm rates and multiplying the result
by -1.

In the go/no-go task, subjects could set only one decision criterion (or bias set point) against which to
compare sensory evidence, because loudness was drawn pseudo-randomly on each trial. Therefore, using
signal detection theory, per pupil bin we computed an overall perceptual choice bias across loudness as
follows. We computed one false alarm rate (based on the noise sounds) and multiple hit-rates (one per
loudness). Based on these we modelled one overall noise distribution (normally distributed with mean=o,
sigma=1), and one “composite” signal distribution (Fig. S1A), which was computed as the average across
a number of signal distributions separately modelled for each loudness (each normally distributed with
mean=empirical d’ for that loudness, and sigma=r). Thus, the standard signal detection theory assump-
tions were applied for each stimulus.

We defined the “zero-bias point” (Z) as the value for which the noise and composite signal distributions

crossed:

S(Z) -~ N(Z) = 0 ()

where §'and N are the composite signal and noise distributions, respectively.
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The subject’s empirical “choice point” (C) was computed as:

C=(05x%xd")+c (2)

where d’ and ¢ are a subject’s signal detection theoretic sensitivity and criterion for a given loudness.
Note that, as C is a constant when d’ and criterion are computed for each loudness based on the same
false alarm rate, it does not matter which loudness is used to compute the empirical choice point.

Finally, the overall bias measure was then taken as the distance between the subject’s choice point and

the zero-bias point:
Overall bias = C — Z (3)

DETERMINING OPTIMAL CHOICE BIAS IN THE GO/NO-GO TAsK  For both the go/no-go data sets, we
calculated one group-average false alarm rate, and one group-average hit-rate per loudness. As above,
we computed d’ separately per loudness as the difference between z-scores of hit— and false—alarm rates,
while using the same false alarm rate for each loudness. We then generated one noise distribution (nor-
mally distributed with mean=o, sigma=1) and separate signal distributions for each loudness (normally
distributed with mean=empirical group-average d’ for that loudness). The noise distribution was three
times larger than the signal-plus-noise distribution because subjects encountered more noise sounds (fol-
lows from the probabilities in Fig. S1A). We then simulated 1 million trials for a range of choice biases
(SDT criterion). Criterion ranged from -3 to 3 in steps of 0.01. On each trial, signal position (#2-7 in the
sequence) and loudness were drawn randomly as in the actual task. On every sound interval, depend-
ing on the randomly selected stimulus, the agent’s internal decision variable (DV) was randomly drawn
from the noise or from one of the signal+noise distributions. Every encountered noise sound added 1.5
s (1s sound + o.5 s ISL; see Fig. 1A) to total time. A correct reject (DV drawn from noise distribution <
criterion) was followed by the next sound in the same sequence. A hit (DV drawn from signal+noise dis-
tribution > criterion) resulted in a reward and the completion of the trial. A false alarm (DV drawn from
noise distribution > criterion) resulted in a timeout (additional 8 s added to total time) and the abortion
of the trial without obtaining a reward. A miss (DV drawn from signal+noise distribution < criterion)
resulted the abortion of the trial without obtaining a reward. For the human version of the go/no-go task,
an additional 8 s was added to total time after misses. For every criterion value we computed reward rate
as the number of reward divided by the total time to complete the one million trials, and we recomputed
our overall bias measure based on the observed false alarm rate and hit-rates (see Signal-detection theoretic
modeling (go/no-go and yes/no tasks). Optimality was defined as the overall bias value that maximized

reward rate (# rewards / total time) (Fig. S1D,]).

DRIFT DIFFUSION MODELING  Data from all tasks except the value-based choice task were exclusively fit

with the drift diffusion model, which well captured all features of behavior we assessed. The value-based
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choice task was also fit with more complex evidence accumulation models described below, because the
standard drift diffusion model failed to capture the specific set of behavioral signatures of biased evidence
accumulation in this task (Fig. 6F).

We used the HDDM o.6.1 package [77] to fit behavioral data from the yes/no and go/no-go tasks. In
all datasets, we allowed the following parameters to vary with pupil response-bins: (i) the separation be-
tween both bounds (i.e. response caution); (ii) the mean drift rate across trials; (iii) drift bias (an evidence
independent constant added to the drift); (iv) the non-decision time (sum of the latencies for sensory
encoding and motor execution of the choice). In the datasets using yes/no protocols, we additionally al-
lowed starting point to vary with pupil response bin. In the go/no-go datasets, we allowed non-decision
time, drift rate, and drift bias to vary with signal strength (i.e., loudness). The specifics of the fitting pro-
cedures for the yes/no and go/no-go protocols are described below. To verify that best-fitting models
indeed accounted for the pupil response-dependent changes in behavior, we generated a simulated data
set using the fitted drift diffusion model parameters. Separately per subject, we simulated 100000 trials
for each pupil bin (and, for the go/no-go data, for each loudness), while ensuring that the fraction of sig-
nal+noise vs. noise trials matched that of the empirical data; we then computed RT, and signal detection
d’ and overall bias (for the go/no-go data sets) or criterion (for the rest) for every bin (as described above).

We used a similar approach to test if, without monitoring task-evoked pupil responses, systematic vari-
ations in accumulation bias (drift bias) would appear as random trial-to-trial variability in the accumula-
tion process (drift rate variability) (Fig. 2E,H). For simplicity, we then pooled across loudness and simu-
lated 100000 trials from two conditions that differed according to the fitted drift bias (accumulation bias)
estimates in the lowest and highest pupil-defined bin of each individual; drift rate, boundary separation
and non-decision time were fixed to the mean across pupil bins of each individual; drift rate variability
was fixed to 0.5. We then fitted the drift bias model as described above to the simulated data, and another

version of the model in which we fixed drift bias across the two conditions.

YEs-No Task  We fitted all yes/no datasets using Markov-chain Monte Carlo sampling as imple-
mented in the HDDM toolbox [77]. Fitting the model to RT distributions for the separate responses
(termed “stimulus coding” [77]) enabled estimating parameters that could have induced biases towards
specific choices. Bayesian MCMC generates full posterior distributions over parameter estimates, quan-
tifying not only the most likely parameter value but also the uncertainty associated with that estimate.
The hierarchical nature of the model assumes that all observers in a dataset are drawn from a group, with
specific group-level prior distributions that are informed by the literature. In practice, this results in more
stable parameter estimates for individual subjects, who are constrained by the group-level inference. The
hierarchical nature of the model also minimizes risks to overfit the data [77, 160, 161]. Together, this al-
lowed us to simultaneously vary all main parameters with pupil bin: starting point, boundary separation,
drift rate, drift bias and non-decision time. We fixed drift rate variability across the pupil-defined bins.

We ran 3 separate Markov chains with 12500 samples each. Of those, 2500 were discarded as burn-in. In-
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dividual parameter estimates were then estimated from the posterior distributions across the resulting
10000 samples. All group-level chains were visually inspected to ensure convergence. Additionally, we
computed the Gelman-Rubin R statistic (which compares within-chain and between-chain variance) and

checked that all group-level parameters had an R between 0.99-1.01.

Go/No-Go Task  The above described hierarchical Bayesian fitting procedure was not used for the
go/no-go tasks because a modified likelihood function was not yet successfully implemented in HDDM.
Instead, we fitted the go/no-go data based on RT quantiles, using the so-called G square method (code
contributed to the master HDDM repository on Github (https://github.com/hddm-devs/hddm/
blob/master/hddm/examples/gonogo_demo.ipynb). The RT distributions for yes-choices were rep-
resented by the 0.1, 0.3, 0.5, 0.7 and 0.9 quantiles, and, along with the associated response proportions,
contributed to G square; a single bin containing the number of no-go-choices contributed to G square
[137]. Starting point and drift rate variability were fitted but fixed across the pupil-defined bins. Addi-
tionally, drift rate, drift bias and non-decision time varied with loudness. The same noise only intervals

were re-used when fitting the model to each loudness.

The absence of no-responses in the go/no-go protocol required fixing one of the two bias parameters
(starting point or drift bias) as function of pupil response. We fixed starting point based on formal model
comparison between a model with pupil-dependent variation of drift bias and starting point: BIC differ-
ences ranged from -279.5 to -137.9 (mean, -235.3: median, -246.6), and from -197.5 to -146.0 (mean, -164.0;
median, -162.0) in favor of the model with fixed starting point, for mice and humans respectively. The
same was true when ignoring loudness: delta BICs ranged from -38.5 to -25.9 (mean, -30.9; median, -29.7),

and from -39.8 to -26.7 (mean, -30.9; median, -30.7), for mice and humans respectively.

MODELING BEHAVIOR FROM THE VALUE-BASED CHOICE TASK In the value-based task we modeled
choice behavior using discrete-time accumulator models, complying with the fact pairs of numerical were
presented at discrete time points. In all models described below two accumulators (¥4 5) , one per choice
alternative) integrate numerical information over time (). The two accumulators were initialized at o:
Y4(0) = Y3(0) = 0. Atthe end of the accumulation period (at ¢ = T, with T'as the total number of pairs
of samples presented) a decision was made in favor of the accumulator with the higher total integrated

value. If both accumulators ended up with the same total integrated value, a decision was made randomly.

We fitted the following four models: a diffusion model (which is the discrete-time analogue of the drift-
diffusion model), a leaky accumulation model (LAM), a leaky competing accumulator model (LCAM)

and a leaky selective accumulator model (LSAM).

In the diffusion model the accumulators evolve over time according to the following difference equa-

tions:
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Yy(t) = Yt = 1) + Sy +&- {4(2) (4a)
Yp(t) = Yp(t — 1) + Sp + & - (5(2) (4b)

In the above, S, 5(¢) are the inputs to the two accumulators on a given time-step, ¢ is the standard
deviation of the noise, and {; 3(¢) is the standard Gaussian samples (independent from each other and

across time). The only free parameter of the model is the standard deviation of the noise ¢.

In the leaky accumulation model (LAM) the accumulators evolve according to:

Y4(t)
710

(1 =2) - Yalt = 1) + 84 + & G4(0) (s2)
(1—=24) - Yp(t = 1)+ Sp+ & (p(0) (sb)

Relative to the diffusion model, the LAM has one extra parameter, 4 which is the leak of the accumu-
lation process. For 4 = 1 the LAM reduces to the diffusion model, whereas for 4 > 0 (4 < 0) the model

assigns larger weights to late (early) information, yielding thus a “recency” (“primacy”) effect.

In addition to leak, the leaky competing accumulator model (LCAM) has a third parameter, f, which
implements lateral inhibition between the two accumulators. Furthermore, in the LCAM the state of

the accumulators cannot take negative values:

Y (1) = max(0, (1 —A4) - Yyt — 1)+ S+ & §4(2) (6a)
Y3(t) = max(0, (1 — A) - Yp(t — 1) + Sp + &~ {3(2)) (6b)

Finally, the leaky selective accumulator model (LSAM) has also three free parameters:

Yu(2)
Y(1)

(1 =2) - Yyt = 1)+ Lg+ & E4(2) (7a)
(1—=24)-Yp(t— 1)+ Iz + & Cp(1) (7b)

The inputs to the two accumulators, 4 5(?), reflected the modified sequence values after a selective inte-

gration filter is applied, referred to as “selective gain” and implemented as follows:



with function @ as follows:

1

9 p—
(x,) = 1 e —

(7€)

This logistic function returns a value of 0.5 when the inputs are equal (x = y) and a value larger than
o.swhenx > y, which gets larger the larger the difference between x and y is. Parameter w is the selective
gain parameter that controls the slope of the function. The larger the selective gain is the stronger the
selective modulation will be, while for w = 0 the LSAM reduces to the LAM [162].

We fitted the four models above using a maximum likelihood approach together with Bayesian BIC
comparisons [141]. The actual stochastic sequences that participants encountered in the experimental
trials were fed as input to the models. Predictions from the diffusion, LAM and LSAM were derived nu-
merically while the LCAM model was simulated (1000 times per trial). Finding the maximum likelihood
parameters for each model was done via a two-stage procedure: (i) by an initial grid search in the param-
eter space, and (ii) by feeding the 20 best fitting parameter sets obtained from the grid search, as starting
points in a SIMPLEX optimization routine. For LSAM, which was the best-fitting model according to
BIC comparisons, the model was also fitted to data from the pro-variance trials only and separately for
each pupil bin.

Finally, in addition to quantitative model comparison, we pitted the models against two characteristic
behavioral signatures obtained in the task (Fig. 6). First, the pro-variance bias [132, 141], which was defined
as the as the fraction of high-variance choices across both trial types (sequence A when ¢4 > oB; or
sequence B when 04 < 0B. Second, the recency bias which was defined by (i) estimating via logistic
regression the weight assigned to the evidence at each time-point, and (ii) fitting these logistic weights
using an exponential function with the sign of the exponent determining the type of the temporal-order

bias (primacy/ recency).

DETERMINING OPTIMAL CHOICE BIAS IN THE VALUE-BASED CHOICE TASK To understand whether
trends in behavior related to pupil improved or degraded overall performance, we used the LSAM and
fitted the data to all trials, regardless of pupil response. For the per participant best-fitting noise (¢) and
leak (1) parameters we estimated the selective gain parameter (w) that achieved maximum accuracy (note
that for £ > 0 the accuracy maximizing w will also be larger than o [141]). Using the optimal w level, we
predicted the optimal pro-variance bias (i.e., the bias maximizing percentage correct) using the optimal
selective gain and the best-fitting noise (£) and leak (1) parameters for each participant (Fig. 6C green line

for an average).

2.4.6 STATISTICAL COMPARISONS

We used a mixed linear modeling approach implemented in the R-package Ime4 [163] to quantify the

dependence of several metrics of overt behavior, or of estimated model parameters (see above), on pupil
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response. For the go/no-go task, we simultaneously quantified the dependence on loudness. Our ap-
proach was analogous to sequential polynomial regression analysis [111], but now performed within a
mixed linear modeling framework. In the first step, we fitted three mixed models to test whether pupil
responses predominantly exhibited no effect (zero-order polynomial), a monotonic effect (first-order),
or a non-monotonic effect (second-order) on the behavioral metric of interest (y). The fixed effects were

specified as:

Model1:y ~ 1 + 5,S (8a)
Model 2: y ~ B,1 + B,S + B,TPR’ (8b)
Model 3: y ~ B,1 + B,S + B, TPR" + B, TPR* (8¢)

with f as regression coefficients, S as the loudness (for go/no-go task), and TPR as the bin-wise task-
evoked pupil response amplitudes. We included the maximal random effects structure justified by the
design [164]. For data from the go/no-go task, the random effects were specified to accommodate loud-
ness coefficient to vary with participant, and the intercept and TPR-coefhicients to vary with loudness
and participant. For data from the yes/no and value-based choice tasks, the random effects were specified
to accommodate the intercept and TPR-coefficients to vary with participant. The mixed models were
fitted through maximum likelihood estimation. Each model was then sequentially tested in a serial hier-
archical analysis, based on chi-squared statistics. This analysis was performed for the complete sample at
once, and it tested whether adding the next higher order model yielded a significantly better description
of the response than the respective lower order model. We tested models from the zero-order (constant,
no eftect of pupil response) up to the second-order (quadratic, non-monotonic). In the second step, we
refitted the winning model through restricted maximum likelihood estimation, and computed p-values
with Satterthwaite’s method implemented in the R-package lmerTest [165].

We used paired-sample t-tests to test for significant differences between the pupil derivative time course

and o, and between pupil response amplitudes for yes- versus no-choices.
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Figure S1: Quantifying pupil responses and behavior in mice and humans. (A) Probability of target signal across the sequence of 1-7 sounds.
Hazard rate of signal occurrence was kept approximately flat. (B) The four combinations of stimulus category (signal+noise vs. noise) and
behavioral choice (go vs. no-go) yielded the four standard signal detection theory categories. (C) Schematic of overall perceptual choice
bias measure (Materials and Methods). Per pupil bin we modelled one overall noise distribution (green; normally distributed with mean=0,
sigma=1), and one “composite” signal distribution. This composite signal distribution was computed as the average across a number of
signal distributions separately modelled for each loudness (orange; each normally distributed with mean=empirical d’ for that loudness,
sigma=1). We defined the “zero-bias point” (Z) as the value for which the noise and composite signal distributions cross. The subject’s
empirical “choice point” was computed based on the empirical d’ and criterion for any difficulty level (Materials and Methods). The overall
bias measure was then taken as the distance between the subject’s choice point and the zero-bias point. (D) Results of simulation study
of optimal bias in go/no-go task for mice (Materials and Methods). Optimality was defined as the level of overall choice bias (computed
as in panel A; second from right) or average criterion (across loudness; right) that maximized reward rate (# rewards / total time). Red
lines indicate range of group-average exhibited biased as a function of pupil response bin; arrows indicate direction from low to high
pupil response bins. (E) RT distribution of example subject. Red line, group average latency of the first peak in pupil slope timeseries
plus a 50 ms buffer, which was used as a cut-off for excluding decision intervals in order to control for a potential motor confound in our
task-evoked pupil response measures (Materials and Methods). Range of omitted trials across all subjects: 29.9%-45.4% (mean, 35.3%;
median, 33.5%). (F) Task-evoked pupil responses in mice sorted into go- and no-go choices (pooled across loudness). Stats, paired-samples
t-test. (G) Overall pupil response time courses in mice for three pupil derivative defined bins (pooled across loudness). (H) Relationship
between median RT (left), perceptual sensitivity (right; quantified by signal detection d’) and pupil response in mice, separately for each
loudness. Linear fits are plotted wherever the first-order fit was superior to the constant fit (Materials and Methods). Quadratic fits were
plotted (dashed lines) wherever the second-order fit was superior to first-order fit. Stats, mixed linear modeling. (l) As H, but for average
criterion collapsed across loudness. ‘X’ markers are predictions from best fitting variant of drift diffusion model (Materials and Methods).
(J-0), as D-I, but for humans. Range of omitted trials in panel K: 0%-30.7% (mean, 7.0%; median, 4.4%). All panels: group average (N = 5;
N = 20); error bars or shading, s.e.m.
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Figure S2: Pupil-dependent changes in computational model parameters during go/no-go task. (A) Schematic of drift diffusion model
accounting for choices, and their associated RTs (for go-trials). Orange windows, RTs for which biased choices are expected under shifts
in either “starting point” (z; left) or “drift bias” (dc; right). Solid (dashed) lines, (implicit) RT distributions. In the equation, v is the drift
rate (estimated separately for each loudness). (B) Group average RT distributions, separately for yes- and no-choices. There were no RTs
associated with no-choices (no-go); hence, a single bin containing the number of no-choices contributed to the model fit (Materials and
Methods). Black lines, “vanilla model” fit (parameters boundary separation, drift rate, non-decision time, starting point and drift bias were
fixed across loudness and pupil bins). (C) Starting point estimates of best fitting model (Materials and Methods) in mice expressed as a
fraction of the boundary separation (a). (D) Relationship between drift rate estimates (left), drift bias estimates (right) of best fitting model
(Materials and Methods) and pupil responses in mice, separately for each loudness. Linear fits are plotted wherever the first-order fit was
superior to the constant fit. Quadratic fits were plotted (dashed lines) wherever the second-order fit was superior to first-order fit. Stats,
mixed linear modeling. (E-G) As B-D, but for humans. All panels: group average (N = 5; N = 20); error bars, s.e.m.
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Figure S3: Optimality analysis of yes/no task. (A) Simulation study of optimal bias in yes/no (forced-choice) task (Materials and Methods).
Optimality was defined as the level of choice bias (signal detection criterion) that maximized accuracy. Left: simulated internal sensory
representations for signal+noise and noise trials. Signal detection theory assumes that internal sensory representations are normally
distributed across trials (with the same standard deviation) and shifted between signal+noise and noise trials along the sensory continuum
(in our case, loudness of the pure sine-wave). Subject will base their signal detection judgement according to some criterion along the
sensory continuum (“criterion”). Middle: fraction of yes- and no-choices as a function of criterion (obtained after sliding the criterion along
in the sensory continuum in the left panel). Right: as middle panel but for accuracy and perceptual sensitivity (d’). When signal+noise
and noise trials are equally frequent, the optimal signal detection criterion is zero, because a neutral bias maximizes accuracy. (B) Task-
evoked pupil response (solid line) and response derivative (dashed line). Grey, interval for task-evoked pupil response measures (Materials
and Methods); black bar, significant pupil derivative. Stats, paired-samples t-test. (C) Overall pupil response time course for three pupil
derivative defined bins. (D) Left: individual task-evoked pupil response amplitude for yes-choices in the go/no-go task, plotted against
individual pupil response amplitude for yes-choices in the yes/no (forced choice) task. Data points, individual subjects. Right: as left,
but for no-choices. Stats, Pearson’s correlation. A leverage analysis verified that the reported correlations are not driven by outliers.
(E) Relationship between RT (left), perceptual sensitivity (right) and pupil response. Linear fits are plotted wherever the first-order fit
was superior to the constant fit. Quadratic fits were not superior to first-order fits. Stats, mixed-linear modeling. (F) Group average RT
distributions, separately for yes- and no-choices. Black lines, “vanilla model” fit (parameters boundary separation, drift rate, non-decision
time, starting point and drift bias were fixed across pupil bins.
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Figure S4: (A)Task-evoked pupil response (solid line) and response derivative (dashed line). Grey, interval for task-evoked pupil response
measures (Materials and Methods); black bar, significant pupil derivative. Stats, paired-samples t-test. (B) Overall pupil response time
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frequent condition (right). Black lines, “vanilla model” fit (parameters boundary separation, drift rate, non-decision time, starting point and
drift bias were fixed across pupil bins).
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“vanilla model” fit (parameters boundary separation, drift rate, non-decision time, starting point and drift bias were fixed across pupil bins).
(E) As B, but for drift diffusion model parameters. (F) Individual pupil predicted shift in starting, plotted against individual’s overall choice
bias. Data points, individual subjects. Stats, Pearson’s correlation. Error bars, 60% confidence intervals (bootstrap).
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Figure Sé6: Pupil responses and pupil-dependent changes in behavior during value-based choice task. (A) Task-evoked pupil response time
courses locked to the onset of the first pair of samples. Left: for the shortest trials (5 pairs of samples). Dashed vertical lines, onset
of sample pairs 2-5. Right: for all trials (5-8 pairs of samples). Grey box, interval for computing single trial task-evoked pupil response
measures (Materials and Methods). (B) Overall pupil response time course for three overall pupil defined bins. (C) Left: relationship
between RT and task-evoked pupil responses (3 bins). Right: as left, but for accuracy. Linear fits are plotted wherever the first-order fit
was superior to the constant fit (Materials and Methods). Quadratic fits were not superior to first-order fits. Stats, mixed linear modelling.
(D) Psychophysical kernels, indicating the effect of each pair of numbers on observers’' choice, separately for each trial duration (5-8
samples). Lines, exponential fits to data. (E) Simulated pro-variance bias by the leaky competing accumulator model, for various levels of
leak and mutual inhibition. The LCA can only produce pro-variance in an inhibition-dominant regime (mutual inhibition > leak). However,
this produces a primacy bias (overweighing of early samples of evidence), which is the opposite of what we found in the empirical data
(see panel E). Therefore, the LCA does not provide a good fit to our behavioral data, while the selective integration model does (see main
text). All panels: group average (N = 32); error bars or shading, s.e.m.
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Phasic arousal shapes evidence accumulation by

tuning cortical excitability

Conceptualization by JWG, THD; Investigation by JWG; Formal analysis by JWG, N'W; Writing—original
draft by JWG.

MANY DECISIONS ARE MADE IN THE FACE OF UNCERTAINTY AND INVOLVE ACCUMULATING AMBIGU-
OUS EVIDENCE OVER TIME. THE BRAIN’S AROUSAL SYSTEMS ARE RAPIDLY ACTIVATED DURING SUCH
DECISIONS. PUPIL RESPONSES (A PROXY OF PHASIC AROUSAL) PREDICT A SUPPRESSION OF SUB-
OPTIMAL BIASES IN EVIDENCE ACCUMULATION ACROSS A WIDE RANGE OF DECISION-TYPES AND
SPECIES. WHAT ARE THE BIOLOGICAL UNDERPINNINGS OF THIS RELATIONSHIP? WITH SIMULTA-
NEOUS PUPILLOMETRY AND MEG WE IDENTIFIED CHOICE-PREDICTIVE AND PUPIL-LINKED OSCIL-
LATORY POWER IN VISUAL REGIONS, ESTABLISHED THAT THEIR SPECTRAL PROFILES WERE HIGHLY
SIMILAR, DRIVEN BY COMMON EFFECTS IN THE ALPHA-BAND (8—12 HZ) RANGE. CRITICALLY, WE
THE AROUSAL-PREDICTED SUPPRESSION OF EVIDENCE ACCUMULATION BIAS WAS FORMALLY MEDI-
ATED BY THE AROUSAL-RELATED SHAPING OF CHOICE-PREDICTIVE ALPHA-BAND ACTIVITY IN RE-
GIONS ALONG THE DORSAL STREAM OF THE VISUAL CORTICAL HIERARCHY (INCLUDING VI) AND
IN REGIONS OF THE MEDIAL FRONTAL CORTEX. TAKEN TOGETHER, OUR RESULTS SUGGEST THAT

PHASIC AROUSAL SHAPES EVIDENCE ACCUMULATION BY TUNING CORTICAL EXCITABILITY.

3.1 INTRODUCTION

The global arousal state of the brain changes continuously throughout the day [6, 11]. Changes in global

arousal state are controlled in large part by subcortical nuclei, which, via widespread neuromodulatory
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projections, can profoundly change the operating mode of target cortical circuits [6-10]. These same

arousal systems are phasically recruited during decisions [6, 29-31, 45, 74, 125, 125-127].

The rapid arousal modulations during decisions are functionally relevant. Most decisions — including
judgments about weak sensory patterns embedded in time-varying noise — are based on a protracted de-
liberation process that involves accumulating pieces of evidence in favor of a particular choice [20]. Using
pupil dilation as a proxy of cortical arousal state [76, 78, 79], it was recently shown that phasic arousal
is elevated already during such protracted deliberation processes [40, 42]. Furthermore, the functional
impact of arousal transients during decision-making, which generalizes across species (humans and mice)
and behavioral tasks (from perceptual to memory-based and numerical decisions), seems to be to sup-
press maladaptive biases in the accumulation of evidence leading up to a choice [33, 44]. These results
were obtained by combining linear systems analysis to pupil data with rigorous modeling of behavior;

the biological underpinnings of these effects remain however unknown.

Protracted decision-making is implemented by a distributed brain network: in the context of a percep-
tual decision, sensory cortex encodes input signals (“evidence samples”), which association cortex accu-
mulates over time into a decision variable, and motor regions translate the decision into a behavioral act
[18, 20, 22, 23]. Here we asked when and where in the cortical decision-making machinery phasic arousal

shapes decision computations.

The modeling results described above put strong constraints on the expected shaping of cortical deci-
sion processing by phasic arousal. Specifically, the selective effect of phasic arousal on drift bias (rather
than the over efficiency of evidence accumulation) predicts shaping of choice-related signals, and not
of stimulus-related signals. Choice-predictive signals exist already in the first stages of visual processing
(54, 166]. Indeed, in visual regions, pre-stimulus oscillatory activity in the alpha-band (about 8-12 Hz)
has been shown to correlate with decision bias [167-170]. Intriguingly, phasic pupil dilation predicts os-
cillatory power in visual regions in the same frequency range [171]. We thus predicted that, in the context
of a visual decision-making task, phasic arousal exerts its effect on evidence accumulation and choice by

shaping oscillatory alpha-band activity in visual regions, perhaps as early as primary visual cortex (V).

We tested this prediction in human subjects performing a simple contrast-detection task during simul-
taneous pupillometry and MEG recordings. Highlighting the quality of our data, we first established
the common behavioral correlate of pupil-linked phasic arousal (reduction of drift bias) and a number of
common MEG signatures of perceptual decision-making. We next identified choice-predictive and pupil-
linked oscillatory power in visual regions and established that their spectral profiles were highly similar,
driven by common effects in the alpha-band (8-12 Hz) range. Finally, we observed that the effect of pha-
sic arousal on drift bias was formally mediated by the arousal-related shaping of alpha-band activity in
regions along the dorsal stream of the visual cortical hierarchy (including V1) and in regions of the medial

frontal cortex.
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3.2 REsULTS

During simultaneous pupillometry and MEG recordings, subjects performed a yes/no contrast detection
task that on each trial involved discriminating signal+noise from noise stimuli, confidence ratings and
feedback (Fig. 1A; Materials and Methods). We designed two conditions to experimentally manipulate
choice bias (Materials and Methods). In the “neutral condition” the dynamic noise refreshed at24 Hzand
in the “conservative condition” the dynamic noise refreshed at 6 Hz. The two conditions were randomly
interleaved across trials. Two independent online Quest staircases [172] kept subject’s performance at

roughly 75% correct in each bias condition (Materials and Methods).

3.2.1 PHASIC AROUSAL PREDICTS A REDUCTION OF PERCEPTUAL CHOICE BIAS

We first aimed to establish the common behavioral correlate of pupil-linked phasic arousal: a reduction
of drift bias [33, 44] (see also [74, 125, 126, 173]). To track phasic arousal, we measured the maximum
of the rising slope of the pupil [39, 44, 174] in the second half of the stimulus interval (Fig. 1B). We
chose this measure for two reasons: (i) to eliminate contamination by contrast-evoked constrictions and
button-press related dilations (Materials and Methods), and (ii) to most specifically track noradrenergic
activity [39]. From the resulting task-evoked pupil response measures we removed, via linear regression,

components explained by signal contrast and baseline pupil size (Materials and Methods).
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Figure 1: High phasic arousal is associated with reduced perceptual choice bias. (A) Visual contrast detection task. Schematic sequence of
stimuli during a trial. Subjects were instructed to respond to a weak signal (gabor patch) in noise. In two conditions that were interleaved
across trials, the noise refreshed at 24 Hz or 6 Hz (Materials and Methods). (B) Task-evoked pupil response (black) and response derivative
(grey). Grey window, interval for task-evoked pupil response measures (Materials and Methods). Shading, s.e.m. (C) Relationship between
overall perceptual choice bias (Materials and Methods) and task-evoked pupil response). Data points, individual subjects; stats, paired-
samples t-test. (D) As panel C, but for perceptual sensitivity (d’; Materials and Methods; top) and reaction time (RT; bottom). Panels B-D:
group average (N = 20).
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We have previously shown that the effect of phasic arousal is adaptive: it predicts a suppression of bias
of any sign (conservative and liberal) towards an optimal level [44]. In both conditions of the current
experiment, signal+noise stimuli occurred on 50% of trials (Materials and Methods), and accuracy could
be maximized by adapting a neutral bias. If the effect of phasic arousal is adaptive, it should predict no
change in bias in the neutral condition (because subject’s bias was already close to optimal), and a reduc-
tion of bias in the conservative condition (because subject’s bias was maladaptive). This is exactly what we
found (Fig. 1C). In the neutral condition, subjects had an overall weak liberal bias which was almost neu-
tral (signal detection theoretic criterion ¢ = -0.186, + 0.060 s.e.m.), and there was no relationship between
pupil-linked phasic arousal and bias (Fig. 1C). In the conservative condition, we found that subjects had
an overall conservative perceptual choice bias (¢ = 0.725, + 0.072 s.e.m.), a tendency to report “no”, irre-
spective of the object evidence (Fig. 1C). This bias was suppressed on trials with large pupil responses (Fig.
1C). Phasic pupil responses exhibited no relationship to perceptual sensitivity (signal detection theoretic
d’) in either of the conditions (Fig. 1D) and predicted a (small) reduction of reaction time (RT) in the

neutral condition (Fig. 1D).

3.2.2 PHASIC AROUSAL PREDICTS A REDUCTION OF EVIDENCE ACCUMULATION BIAS

We have recently shown that the (monotonic) pupil-linked bias suppression is explained by a (monotonic)
reduction of bias in the accumulation of evidence leading up to a choice [33, 44]. This mechanistic insight
was achieved by fitting the drift diffusion model (Fig. S2A) to behavioral data. The drift diffusion model
belongs to a class of bounded accumulation models of decision-making [2, 18, 19, 25] that describe the
accumulation of noisy sensory evidence in a decision variable that drifts to one of two bounds. The
model accounts well for behavioral data from a wide range of two-choice tasks [25].

Here, we again found evidence supporting the idea that phasic arousal interacts with the evidence ac-
cumulation process (Fig. 2). We used the hierarchical drift diffusion regression model to assess the trial-
by-trial, linear relationship between the drift and pupil responses (Materials and Methods). Specifically,
separately in each condition, we modeled the single-trial drift as a function of an intercept (capturing the
overall “drift bias” towards “yes” or “no”), the stimulus (capturing the overall “drift rate”, that is, the ef-
ficiency of evidence accumulation) and pupil response (capturing the trial-by-trial directed shifts in the
drift [coded towards “yes”] as a function of phasic arousal) (see the equation in Fig. 2). The parame-
ters starting point, boundary separation, non-decision time and drift rate variability were also included
in the model, but varied only with condition, and not with phasic arousal (Fig. S2B,C). The evidence
accumulation process was overall biased towards “no”, especially in the conservative condition (Fig. 2A).
Importantly, only in the conservative condition, this drift bias towards “no” was suppressed on trials
characterized by large pupil responses (Fig. 2C).

We verified that (i) phasic arousal had no effect on the other model parameters, and (ii) the effect of
phasic arousal on the drift was linear. To that end, we again fitted the drift diffusion model, but now

separately per condition and separately for three pupil-response defined bins (Fig. S2D,E; Materials and
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Drift ~ B, intercept + B, stimulus + g, pupil response
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Methods). First, when comparing the lowest and highest pupil bin (containing the lowest and highest
33% of trials; Materials and Methods) we observed only a significant effect of pupil-linked phasic arousal
on drift bias in the conservative condition (Fig. S2D,E), and not on any of the other parameters in either
condition. Second, drift bias estimates for the medium pupil bin fell in between estimates for the low and
high pupil bins (Fig. S2D,E).

In sum, phasic arousal suppressed bias in the accumulation of evidence leading up to a choice. We next
used the MEG data to characterize the biological underpinning of this interaction. Our approach was as
follows: (i) establish a number of common MEG signatures of perceptual decision-making, (ii) identify
choice-predictive and pupil-linked oscillatory power in visual regions and quantify the similarity of their
spectral profiles, and (iii) test whether the effect of phasic arousal on drift bias is formally mediated by

such choice-predictive and pupil-linked oscillatory activity.

3.2.3 MEG SIGNATURES OF PERCEPTUAL DECISION-MAKING

We first confirmed that our data in both experimental conditions contained the typical MEG signatures
of (i) stimulus processing and (ii) response preparation [22]. Computing time-frequency power at each

vertex location and then averaging across all vertices within a region of interest (ROI; Materials and Meth-
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ods) allowed us to track MEG signatures of decision-making at full time-frequency resolution throughout
the distributed decision-making network. The signal+noise or noise stimuli induced robust population
responses with a characteristic dynamic signature [27, 28]: in visual regions, the MEG power increased in
a broad high-frequency range (about so-150 Hz), accompanied by a decrease in the low-frequency range
below 40 Hz (Figure 3A). In motor and frontal regions, we observed only task-induced decreases in the
low-frequency range below so Hz (Figure 3A).

We exploited the contralateral bias of the cortical motor system (i.e., stronger activity in the hemisphere
contralateral to the motor movement) to identify the characteristic dynamic signature of response prepa-
ration [26, 85]: in a number of lateral frontal and motor regions, including the hand area of M1, gamma-
band activity (about 60-100 Hz) was selectively enhanced contralateral to the button-press, and alpha-
and beta-band activity (about 8—36 Hz) was selectively suppressed (Figure 3B). We observed the choice-
predictive lateralization of low-frequency power more than o.5 s before report (Figure 3B).

Since subject’s performance was held at roughly 75% correct (Materials and Methods), stimulus identity
(signal+noise vs noise) was highly predictive of choice (“yes” vs. “no”). Thus, the choice contrast TFRs
presented in Fig. 3B could, at least to an extent, reflect the stimulus contrast. We ruled out this concern

by recomputing the choice contrast as follows: (hit + false alarm) — (correct reject + miss), effectively
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Figure 3: Time-frequency responses in the yes/no contrast detection task. (A) Overall task-induced time-frequency responses (average
across hemispheres) in the selected ROls, expressed as % signal change from baseline (Materials and Methods), separately for the neutral
(left) and conservative condition (right). See Materials and Methods for the definition of each cortical ROL. (B) As panel A, but for the con-
trast “yes” vs. “no” and after subtracting data from the ipsi-lateral hemisphere from the contralateral hemisphere (Materials and Methods).
See Fig. S3 for the choice contrast computed as (hit + false alarm) - (correct reject + miss), effectively factoring out effect of stimulus
identity and accuracy. All panels: Group average (N = 20), saturation, significant time-frequency tiles (p < 0.05, two-sided permutation

across subjects, cluster corrected).
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factoring out effect of stimulus identity and accuracy. Doing so verified that the results in Fig. 3B indeed
reflect pure choice-predictive activity (Fig. S3), consistent with earlier reports [26, 8s].

In sum, in both experimental conditions we observed the typical MEG signatures of stimulus process-
ing and response preparation, highlighting the quality of our data. We hypothesized that the arousal-
related modulation of choice-predictive signals in visual cortex might underlie the arousal-related sup-
pression of choice bias. Our aim was thus to first identify choice-predictive and pupil-linked oscillatory

power in visual regions and quantify the similarity of their spectral profiles.

3.2.4 SIMILAR SPECTRAL PROFILES OF CHOICE-PREDICTIVE AND PUPIL-LINKED OSCILLATORY POWER

IN VISUAL CORTEX

We recomputed the “yes” vs. “no” contrast, but now after averaging the activity of both hemispheres (Fig.
4A), instead of taking the difference between hemispheres (as in Fig. 3B). In visual regions, and in both
experimental conditions, we observed a suppression of alpha-band activity (about 8-12 Hz) for “yes” vs
“no” choices (Fig. 4A). This spectral profile closely resembled the pre-stimulus alpha-band activity that
was previously shown to correlate with decision bias [167-170]. However, its temporal profile was dis-
tinct: rather than spontaneously fluctuating in between trials, it was closely time-locked to the behavioral
report (button press) (Fig. 4A). As before with the laterization measures, we recomputed the choice con-
trast as follows: (hit + false alarm) — (correct reject + miss), effectively factoring out effect of stimulus
identity and accuracy. Doing so verified that the results in Fig. 4A indeed reflect pure choice-predictive
activity (Fig. S4).

The magnitude of task-evoked pupil responses predicted a suppression of alpha-band activity (about
8—12 Hz) in visual regions, which was closely time-locked to stimulus onset (Fig. 4B). The early (w.r.t
stimulus-onset) pupil-linked alpha-band suppression was in line with the idea that phasic arousal is ele-
vated already during protracted decisions [ 40, 175], and shapes the evidence accumulation process (Fig. 2;
(33, 44]). Note that the significant timepoints before stimulus onset are due the window length of 400
ms in our time-frequency analysis (Materials and Methods) which caused some smearing in the low fre-
quencies. A number of further observations indicated that the pupil-linked alpha-band suppression was
task-induced: (i) we removed, via linear regression, components from the trial-wise pupil response mea-
sures that were explained by pre-trial baseline pupil size (Materials and Methods); thus, the pupil-linked
alpha-band suppression was not a carry-over effect from the pupil response dependence on its baseline
[40, 72]; (ii) the pupil-linked alpha-band suppression was also not due to changes in retinal illumination
as a function of pupil dilation: it occurred already before the sluggish pupil response [40, 41] was differ-
ent between the high and low pupil response bins (Fig. SiB); (iii) the pupil-linked alpha-band suppres-
sion identified here closely resembled the pupil-linked alpha-band suppression time-locked to perceptual
switches in the context of a bistable stimulus [171].

To quantify the similarity between choice-predictive and pupil-linked oscillatory power, we correlated

their spectral profiles (Fig. 4C,D). Specifically, we first computed the spectral profile of the choice con-
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Figure 4: Overlapping spectral profiles for choice and pupil response contrasts. (A) “Yes” vs. “no” contrast of task-induced time-frequency
responses (average across hemispheres) in the selected regions of interest (ROls), expressed as % signal change from baseline (Materials
and Methods), separately for the neutral (left) and conservative condition (right). See Fig. S4 for the choice contrast computed as (hit +
false alarm) - (correct reject + miss), effectively factoring out effect of stimulus identity and accuracy. See Materials and Methods for the
definition of cortical ROls. Saturation, significant time-frequency tiles (p < 0.05, two-sided permutation across subjects, cluster corrected);
orange bar (far left), timepoints used for calculating power spectra in panel C. (B) As panel A, but for the contrast high vs low pupil response
(average across hemispheres). Note that the significant timepoints before stimulus onset are due the window length of 400 ms in our time-
frequency analysis (Materials and Methods) which causes some smearing in the low frequencies. Red bar (far left), timepoints used for
calculating power spectra in panel C. (C) Spectra of the power modulation of the “yes” vs. “no” contrast (average across hemispheres;
time window, 0.5-0 s before report; see also orange bar in panel A) and high vs. low pupil response (average across hemispheres; time
window, -0.2 s before stimulus onset to 0.3 s after; see also red bar in panel B), separately for the neutral (left) and conservative condition
(right). Spectra are shown for frequencies 2-36 Hz; there were no significant power modulations in the higher frequencies 36-160 Hz (Fig.
3A,B). Bars, clusters of significant power modulation (p < 0.05, two-sided permutation across subjects, cluster corrected). (D) Correlation
between the choice and pupil contrast spectra shown in panel C. Stats, Wilcoxon signed-rank test; *, p<0.05; **, p<0.01. All panels: group
average (N = 20); Shading or error bars, s.e.m.
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trast after collapsing across timepoints -o.5 to o s from report, and that of the pupil response contrast
after collapsing across timepoints -0.2 to 0.3 s from stimulus onset (Fig. 4C). We observed significant cor-
relations between choice-related and pupil-related spectra in each region of the visual cortical hierarchy,
ranging from primary visual cortex all the way up to intraparietal regions (Fig. 4D).

In sum, in visual regions, phasic arousal predicted alpha-band suppression around stimulus onset time
that closely resembled choice-predictive alpha-band suppression in the inter-trial interval [167-170] or
just before report (Fig. 4D). This pattern of results is consistent with a scenario in which the effect of
phasic arousal on drift bias (Figure 2) is mediated by the arousal-related shaping of alpha-band activity.

We next used structural equation modeling (Materials and Methods) to formally test this idea.

3.2.§ THE AROUSAL-RELATED SHAPING OF VISUAL ALPHA-BAND ACTIVITY MEDIATES THE AROUSAL-

RELATED SHAPING OF EVIDENCE ACCUMULATION

The model is illustrated in Fig. sA (Materials and Methods). We used hierarchical linear regression analy-
sis to quantify the relationship between trial-wise pupil responses and trial-wise alpha-band activity mea-
sures in primary visual cortex in the time window -o0.2 to 0.3 s from stimulus onset (the a-path; Materials
and Methods). Replicating the effects reported in Fig. 4B, we observed a negative single-trial correlation
between pupil responses and alpha-band activity in V1 (Fig. sB and Fig. SsA,B left panels). We used the hi-
erarchical drift diffusion regression model to quantify the relationship between trial-wise pupil responses,
alpha-band activity in V1 and drift bias (the b-path and ¢’-path, respectively; Materials and Methods). We
found that trial-wise alpha-band activity in V1 was negatively correlated to drift bias (towards “yes”), but
only in the conservative condition (Fig. sC and Fig. SsA,B right panels). Note that the single-trial drift
was estimated now as a function of both alpha-band activity in Vi and pupil responses, which means that
the observed relationship between alpha-band activity in V1 and drift bias existed over and beyond what
could be explained by phasic arousal.

In the conservative condition, the relationship between phasic arousal and drift bias was indeed medi-
ated by the arousal-related shaping of alpha-band activity in V1: the indirect path was highly significant
(p < 0.001) (Fig. sD). It was a partial mediation effect: the relationship between pupil responses and drift
bias (Fig. 2) was not fully explained away by visual alpha-band activity (Fig. SsC,D).

We conducted a model-free and non-hierarchical version of the mediation analysis (Fig. S6A; Materials
and Methods) in order to characterize the spatial topography of these relationships throughout the visual
cortical hierarchy and beyond. Replicating the result from the hierarchal approach described above (Fig.
5), in the conservative condition, we again found evidence for a mediation by the arousal-related shaping
of alpha-band activity in V1 (Fig. S6B-D). Furthermore, in the conservative condition, we observed sim-
ilar effects in the dorsal stream of the visual cortical hierarchy (specifically in the clusters V-4, V3A/B,
IPS2/3 and IPS/PostCeS), in medial frontal regions, and in the hand area of M1 (Fig. S6B-D). We did not
find evidence for mediation by alpha-band activity in the ventral stream of the visual cortical hierarchy or

in lateral frontal regions (Fig. S6B-D).
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Because the physical stimulus was included as a covariate in the all mediation models, our results im-
ply that the interplay between phasic arousal and cortical alpha-band activity accounted for a significant

component of behavioral variability, over and above the objective sensory evidence.

3.3 DiscussioN

Using pupil dilation as a proxy of cortical arousal state [76, 78, 79], it was recently shown that phasic
arousal is elevated already during protracted deliberation processes [ 40, 175], and suppresses maladaptive
biases in the accumulation of evidence leading up to a choice [33, 44]. Providing direct support to these
insights, we (i) replicated the behavioral correlate of phasic arousal (reduction of drift bias), (ii) identified

choice-predictive and pupil-linked oscillatory power in visual regions, (iii) established that their spectral
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profiles were highly similar, driven by common effects in the alpha-band (8-12 Hz) range, and (iv) found
that the effect of phasic arousal on drift bias was formally mediated by the arousal-related shaping of
choice-predictive alpha-band activity in regions along the dorsal stream of the visual cortical hierarchy

(including V1) and in regions of the medial frontal cortex.

We here used pupil responses as a peripheral readout of changes in cortical arousal state [11, 32]. Changes
in pupil diameter are also associated with locus coeruleus (LC) responses in humans [33, 34], monkeys
(35, 36], and mice [37-39]. But some of these studies also found unique contributions to pupil size
in other subcortical regions like the superior and inferior colliculi, the cholinergic basal forebrain and
dopaminergic midbrain [33, 35, 39]. Thus, we remain agnostic about the exact neuroanatomical source(s)

of the reported effects of phasic arousal.

One account holds that task-evoked LC responses during decision-making are triggered by a threshold
crossing in some cortical circuit accumulating evidence for different choice options [6]. The resulting
cortex-wide noradrenaline release then facilitates the translation of the choice into a motor act. This
model has been supported by observations from monkeys performing simple perceptual decisions, that
phasic responses of LC neurons are more closely aligned to behavioral responses than to the onset of
stimuli [47, 48] and encode decisions to execute, but not withhold, movements [49]. Our results do
not support this account. First, the physiological correlates of pupil-linked phasic arousal (alpha-band
suppression in visual regions) occurred closely time-locked to stimulus onset, and not around the behav-
ioral report (button press). Second, within the drift diffusion model, the “post-decisional” account [6]
predicts a reduction in non-decision time and no effect on evidence accumulation. In contrast to this pre-
diction, we found that phasic arousal suppressed drift bias, but did not predict changes in non-decision
time. Together, our results imply that phasic LC responses driving pupil dilation are already recruited
during evidence accumulation, or that the effect of pupil-linked arousal on evidence accumulation are
governed by systems other than the LC. Future experiments characterizing phasic activity in the LC or
other brainstem nuclei involved in arousal during protracted evidence accumulation tasks could shed

light on this issue.

How does the arousal-mediated suppression of alpha-band activity (increase of neural excitability) ex-
plain the reduction of drift bias in the conservative condition? Biophysically detailed models of the neu-
ral computations underlying decision-making [18] help to conceptualize this question. In one specific
scheme for yes/no choices, supported by neurophysiological data [26, 50, 51], two neural populations
accumulate evidence for “yes” and “no” toward separate bounds, and compete via mutual inhibition
(26, 52, 53]. The yes-population accumulates the sensory evidence for signal presence—i.e., neural activity
in visual cortex, which is either stimulus induced (on signal+noise trials) or spontaneous (on noise trials)
[54]. The no-population accumulates a “default input” [52]. If, for example, visual cortex is larger than
the region providing the “default input”, then boosting overall neural excitability will asymmetrically en-
hance neural activity in visual cortex (on both signal+noise and noise trials), which, in turn, will translate

in faster accumulation toward “yes”.
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Our results are remarkably consistent with two lines of research which were so far largely disconnected.
First, our results support the notion that cortical alpha-band activity reflects excitability and predicts
changes in choice bias rather than accuracy [167-170, 176]. Second, our results are in line with a body
of work that shows that pupil-linked arousal boosts cortical excitability and suppresses low-frequency
synchronous activity 76, 78, 79, 174], including alpha-band activity [171]. The release of noradrenaline
and/or acetylcholine might explain this relationship: these modulatory neurotransmitters tune ionic
currents, which not only control the membrane potential and excitability of cortical neurons, but also
strongly suppress the generation of slow oscillations. Thus, the suppression of low frequency activity
need not purely reflect a (attentional) top-down signal from higher-order sensory regions or from asso-
ciation cortices [177-179], but might also reflect the impact of neuromodulators released by subcortical
nuclei.

Taken together, our results suggest that the phasic arousal shapes evidence accumulation by tuning
cortical excitability. Thus, when decisions are made in the face of uncertainty, tracking phasic arousal
signals may be just as important for predicting cortical decision-computations and subsequent choice

behavior as tracking the objective evidence gathered from the outside world.

3.4 MATERIALS AND METHODS

3.4.1 SUBJECTS

Twenty-three subjects (15 female, age range 20-31) participated in the experiment, entailing concurrent
pupillometry and MEG recordings. All had normal or corrected to normal vision and no history or indi-
cations of psychological or neurological disorders. The experiment was approved by the ethics committee
of the University Medical Center Hamburg-Eppendorf. Subjects performed between 7 and 10 blocks of
128 trials each (distributed over two measurement sessions, each lasting for approximately 75 minutes),
yielding a total of 896-1280 trials per participant. Subjects completed one training session on a separate
day before the MEG recordings. We also collected a structural MRI for each subject on a separate day
after the MEG recordings. Subjects were paid 10€ per hour. Three subjects completed only one MEG

recording session and were excluded from further analyses.

3.4.2 BEHAVIORAL TASK

Each trial consisted of six consecutive intervals (Figure 1A): (i) the baseline interval (uniformly distributed
between 1.1and 1.6 s) containing only a green fixation dot; (ii) the stimulus interval (1 s duration) contain-
ing either a signal (gabor patch) in noise or only noise; (iii) the choice interval, the start of which was
signaled by the disappearance of the stimulus, and terminated by the subject’s response; (iv) delay inter-
val (uniformly distributed between 0.6 and 1.4 s); (v) confidence interval, the start of which was signaled

the fixation dot turning blue, and terminated by the subject’s response; (vi) feedback interval (0.25 s).
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A dynamic noise pattern was presented throughout the stimulus interval. The luminance across all
pixels was kept constant. This pedestal noise pattern had 20% contrast. We designed two conditions to
experimentally manipulate choice bias. In the “neutral condition” the dynamic noise refreshed at 24 Hz
and in the “conservative condition” the dynamic noise refreshed at 6 Hz (every four frames). The two
conditions were randomly interleaved across trials, under the constraint that they would occur on 50% of
the trials within each block of 128 trials.

On one half of trials (“signal+noise” trials), a sinusoidal grating (2 cycles per degree) was superimposed
on the visual noise for the entire stimulus interval (Figure 1A). The other half of trials (“noise” trials)
contained no target signal during the stimulus interval. Signal presence was randomly selected on each
trial, under the constraint that it would occur on 50% of the trials within the neutral and conservative
conditions, and within each block of 128 trials. All signal and noise stimuli were presented in a Gaussian
annulus, with an average distance (+ SD) to fixation of 4.8 (1.8) degrees (Figure 1A).

After stimulus offset subjects were instructed to report the presence or absence of the signal (“inter-
rogation paradigm”) by pressing one of two response buttons with their left or right index finger. The
mapping between perceptual choice and button press (e.g., “yes” —> press right key; “no” —> press left
key) was counterbalanced across the two recording sessions. After a short delay, subjects were prompted
to rate their confidence on a four-point scale (“not at all”, “not so much”, “quite”, “very”) with the four
fingers of their right hand. Subjects received auditory feedback (high tone —> correct; low tone —> error)
at the end of each trial.

Throughout the main experiment, the contrast of the target signal was dynamically titrated to the
threshold level that yielded about 75% correct choices using an adaptive staircase procedure (Quest) [172].
We ran independent staircases for the neutral and conservative conditions. The mean threshold contrasts
were 1.128 % (£ 0.016 % s.e.m.) in the neutral condition and 1.221 % (+ 0.009 % s.e.m.) in the conservative
condition (Fig. S1A). These threshold contrasts yielded a mean accuracy of 73.36 % correct ( 0.43 %
s.e.m.) in the neutral condition, and 71.60 % correct (+ 0.44 % s.e.m.) in the conservative condition.

Stimuli were back-projected on a transparent screen using a Sanyo PCL-XPs1 projector with a resolu-
tion of 800x600 at 24 Hz. The screen was positioned 65 cm away from their eyes. The luminance profile
was linearized by measuring and correcting for the systems gamma curve. A doubling of contrast values
therefore also produced a doubling of luminance differences. During the first training session stimuli
were presented on a VIEWPixx monitor with the same resolution and refresh rate (also linearized). To
minimize any effect of light on pupil diameter, the overall luminance of the screen was held constant

throughout the experiment.

3.4.3 DATA ACQUISITION

We used a CTF MEG system with 2775 axial gradiometer sensors and recorded at 1200 Hz. Recordings took
place in a dimly lit magnetically shielded room. We concurrently collected pupillometric data at rooo Hz

using an EyeLink 1000 Long Range Mount (SR Research, Osgoode, Ontario, Canada). We continuously
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monitored head position by using three fiducial coils. We used Ag/AgCl electrodes to measure ECG and

vertical and horizontal EOG.

3.4.4 ANALYSIS OF TASK-EVOKED PUPIL RESPONSES

PREPROCESSING  Periods of blinks and saccades were detected using the manufacturer’s standard algo-
rithms with default settings. The remaining data analyses were performed using custom-made Python
scripts. We applied to each pupil timeseries (i) linear interpolation of missing data due to blinks or other
reasons (interpolation time window, from 150 ms before until 150 ms after missing data), (ii) low-pass
filtering (third-order Butterworth, cut-off: 6 Hz), (iii) removal of pupil responses to blinks and to sac-
cades, by first estimating these responses by means of deconvolution and then removing them from the
pupil time series by means of multiple linear regression [108], and (iv) conversion to units of modulation
(percent signal change) around the mean of the pupil time series from each measurement session. We
computed the first time derivative of the pupil size, by subtracting the size from adjacent frames, and

smoothened the resulting time series with a sliding boxcar window (width, so ms).

QUANTIFICATION OF TASK-EVOKED PUPIL RESPONSES  We computed task-evoked pupil responses
time-locked to the stimulus. We used stimulus-locking because the high contrast dynamic noise pattern,
which occurred in all trials, elicited a transient pupil constriction (Fig. 1B). Thus, locking pupil responses
to the stimulus balanced those pupil constrictions across trials, eliminating them as a confounding factor
for estimates of phasic arousal amplitudes. Specifically, we computed pupil responses as the maximum
of the pupil derivative time series [33, 39, 174] in the s00 ms before stimulus offset. This time window
of interest did not include motor responses, so that button-press related dilations [40, 133] were also
confounding factor. From the resulting task-evoked pupil response measures we removed, via linear re-
gression, components explained by signal contrast and baseline pupil size (Materials and Methods), so
that all the results reported here could not be due a carry-over effect from the pupil response dependence
on its baseline [40, 72].

In some analyses (Figs. rand 4), trials were sorted by pupil response amplitude and collapsed into three
bins containing the lowest and highest 33% (which were used for analyses), as well as the intermediate 33%
of pupil response amplitudes. This achieved a trade-off between maximizing both (i) trial counts in the
high and low pupil response bins and (ii) the disparity between the pupil responses for both bins. The
resulting pupil bins were associated with different overall pupil response amplitudes across the whole
duration of the trial (Fig. SiB). In other analyses (Figs. 2 and 5), we quantified the interaction between

pupil responses, cortical responses and behavior at the single-trial level.

3.4.5 ANALYSIS OF TASK-INDUCED MEG RESPONSES

PREPROCESSING ~ We automatically labeled artifacts in raw MEG data by detecting blinks, muscle ar-

tifacts, sensor jumps and cars passing by in the vicinity of the building. Blinks were detected based on
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concurrently recorded eye-movement signals (SR-Research EyeLink 1000). Sensor jumps were detected
by convolving each sensor with a filter designed to detect large sudden jumps, and subsequently by look-
ing for outliers in the filter response. Muscle (car) artifacts were detected by filtering each channel in the
o-140 Hz (<1 Hz) range and by detecting outliers that occurred simultaneously in many channels. To
remove power line noise, we applied a notch filter (50 and its harmonics). In a next step we epoched data,
downsampled to 600 Hz and discarded all epochs that contained artifacts. The code that detects artifacts

and produces source estimates (see below) is available at www. github.com/Donnerlab/pymeg.

MEG soURCE RECONSTRUCTION ~ We used beamforming to reconstruct the sources of activity ob-
served at the MEG sensor level, as follows. First, we constructed individual three-layer head models from
subject specific MRI scans using the Fieldtrip functions ft_volumesegment and ft_prepare_mesh [180].
Head models were aligned to the MEG data by a transformation matrix that aligned the average fiducial
coil position in the MEG data and the corresponding locations in each head model. We computed one
transformation matrix per recording session. Second, we reconstructed cortical surfaces from individual
MRIs using Freesurfer [116, 181] and aligned two different atlases to each surface [182, 183]. Third, we
used MNE [184] to compute LCMYV filters that project data into regions of interest defined by each atlas
[185]. LCMV filters combined a forward model based on the head model and a source space constrained
to the cortical sheet (4096 vertices per hemisphere, recursively subdivided octahedron) with a data co-
variance matrix estimated from the cleaned epoched data. We computed one filter per ROI, based on
the covariance matrix computed on the time-points from stimulus onset until stimulus offset (1 s after
stimulus onset) across all trials. We chose the source orientation with maximum output source power
at each cortical location. In a final step, we computed a multi-taper based TFR decomposition of our
epoched MEG data and projected the complex time series into source space. For low frequencies (2—40
Hz in steps of 2 Hz), we used the multitaper technique with five discrete proloid slepian tapers [186],
a window length of 400 ms in steps of 6o ms, and 2.5 Hz frequency smoothing. For high frequencies
(40-160 Hz in steps of 4 Hz), we used the multitaper technique with one proloid slepian taper, a window
length of 400 ms in steps of 6o ms, and 7.5 Hz frequency smoothing. In source space we computed TFR
power at each vertex location and then averaged across all vertices within a ROI. We aligned the polarity
of time-series at neighboring vertices, because the beamformer output potentially includes arbitrary sign

flips for different vertices.

We converted data in each region of interest (ROI) to units of modulation (percent signal change).
Data for each ROI and frequency was normalized by the corresponding (ROI and frequency-wise) mean
power across all trials in the time window 0.2 to o.15 s before stimulus onset. For subsequent analyses
we either averaged ROIs across hemispheres or computed a measure of lateralization. For the average
measure we averaged both hemispheres per ROL For the lateralization score we subtracted data from the

ipsi-lateral hemisphere from the contralateral hemisphere.
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QUANTIFICATION OF TRIAL-WISE ALPHA-BAND ACTIVITY MEASURES  Separately per region of in-
terest, we computed trial-wise alpha-band activity measures as the mean alpha power (8—12 Hz) in the
time window -0.2—0.3 s from stimulus onset. The resulting single trial measures were normalized by the
corresponding (ROI-wise) mean power in the same frequency range across all trials in the time window

0.25 to 0.15 s before stimulus onset.

3.4.6 REGIONS OF INTEREST

Protracted decision-making is implemented by a distributed brain network: in the context of a percep-
tual decision, sensory cortex encodes input signals (“evidence samples”), which association cortex accu-
mulates over time into a decision variable, and motor regions translate the decision into a behavioral act
(18, 20, 22, 23]. We ensured that our region of interest (ROI) selection covered this distributed brain net-
work completely. Specifically, from the Wang et al. (2015) atlas [183], we selected all regions and grouped
the individual regions into the following clusters [187]: V1, primary occipital cortex; Va-4, early occip-
ital regions V2, V3 and V4; V3A/B, dorsal occipital cortex regions V3A and V3B; IPSo/1, intraparietal
sulcus regions o and 1; IPS2/3, intraparietal sulcus areas 2 and 3; Vent. Occ, ventral occipital cortex re-
gions VOr and VO2; PHC, parahippocampal cortex regions PCHr and PCH 2; MT+, temporal occipital
cortex regions MT and MST; Lat. Occ, lateral occipital cortex regions LO1 and LO2; FEF, frontal eye
fields. We selected three regions that were previously shown to exhibit choice-predictive lateralized activ-
ity [33]: IPS/PostCeS, intraparietal sulcus / postcentral sulcus; M1, hand area of primary motor cortex.
Finally, based on the Glasser et al., 2016 atlas [182] we created the following clusters: dIPFC, dorsolateral
prefrontal cortex (regions: “8C”, “8Av”, “i6-8”, “s6-8”, “SFL”, “8BL”, “9p”, “9a”, “8Ad”, “p9-46v”, “a9-

» <«

467,467, “9-46d”); premotor, premotor cortex (regions: “ssb”, “6d”, “6a”, “FEF”, “6v”, “6r”, “PEF”);

» <« » <« »  «

pmPFC, posterior medial frontal cortex (regions: “SCEF”, “ps2pr”, “a24pr”, “as2pr”, “p24”); vinPFC,
ventral medial frontal cortex (regions: “p32”, “s32”, “a24”, “10v”, “101”, “25”); amPFC, anterior medial
frontal cortex (regions: “d32”, “6BM”, “9m”). We excluded vertices from the Glasser at al. (2016) clusters
that were already included in regions from Wang et al. (2015) atlas and those taken from de Gee et al.

(2017) — for example, vertices corresponding to the location of FEF.

3.4.7 ANALYSIS AND MODELING OF CHOICE BEHAVIOR

RT was defined as the time from stimulus offset until the button press.

SIGNAL-DETECTION THEORETIC MODELING The signal detection metrics sensitivity (d’) and crite-
rion (c) [24] were computed separately for each of the pupil bins. We estimated d’ as the difference
between z-scores of hit-rates and false-alarm rates. We estimated criterion by averaging the z-scores of

hit-rates and false-alarm rates and multiplying the result by -1.
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DRIFT DIFFUSION MODELING ~ We used the HDDM toolbox [77] to assess the trial-by-trial, linear rela-
tionship between pupil responses and the drift (Figure 9C, Figure 9—figure supplement ). Specifically, in
the first hierarchical drift diffusion regression model we modeled single-trial drift as the following linear

combination:

v=PB1+pBS+B,P (1)

where v was the single-trial drift, S was a binary vector describing the stimulus identity (1, signal+noise;
0, noise), P was a vector of the single-trial pupil responses. The fit parameters quantified how the single-
trial drift was affected by the overall drift bias (i.e., mean drift criterion across trials, regardless of brain-
stem response, f3;), the overall drift rate (i.e., mean stimulus-dependent drift across trials, £,), and pupil
responses f3,. The parameters starting point, boundary separation, non-decision time and drift rate vari-

ability were also included in the model but did not vary pupil responses.

In the second hierarchical drift diffusion regression model we additionally modeled the single-trial drift

as a function of single-trial alpha-band activity in primary visual cortex:

v=pBy1+ S+ BP+ B4 (2)

where 4 was a vector of the single-trial alpha-band activity in V1.

These variants of the hierarchical drift diffusion regression model were fitted to behavioral and phys-
iological data using Markov-chain Monte Carlo sampling as implemented in the HDDM toolbox [77].
Bayesian MCMC generates full posterior distributions over parameter estimates, quantifying not only the
most likely parameter value but also the uncertainty associated with that estimate. The hierarchical na-
ture of the model assumes that all observers in a dataset are drawn from a group, with specific group-level
prior distributions that are informed by the literature. In practice, this results in more stable parameter
estimates for individual subjects, who are constrained by the group-level inference. The hierarchical na-
ture of the model also minimizes risks to overfit the data [77, 160, 161]. We ran 3 separate Markov chains
with 25000 samples each. Of those, 2500 were discarded as burn-in. Individual parameter estimates were
then estimated from the posterior distributions across the resulting 22500 samples. All group-level chains
were visually inspected to ensure convergence. Additionally, we computed the Gelman-Rubin R statistic
(which compares within-chain and between-chain variance) and checked that all group-level parameters
had an R between 0.99-1.01.

To check for the linearity of the modeled relationships, we also fitted a regular (non-regression) version
of the drift diffusion model to RT distributions for the separate responses (termed “stimulus coding” in
[77]). We allowed the following parameters to vary with pupil response bin or V1 alpha-band activity
bin: (i) the starting point of accumulation process; (ii) the separation between both bounds (i.e. response
caution); (iii) the mean drift rate across trials; (iv) drift bias (an evidence independent constant added to

the drift); (v) the non-decision time (sum of the latencies for sensory encoding and motor execution of
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the choice); drift rate variability was included in the model, but did not vary with pupil response bin or

V1 alpha-band activity bin. The fitting procedure was otherwise the same as above.

MEDIATION ANALYSIS ~ We used two approaches for the mediation: one hierarchical approach to model
the interaction between pupil responses, alpha-band activity in Vi and drift bias (Fig. 5), and one frequen-
tist approach to model the interaction between pupil responses, alpha-band activity in various cortical
regions and choice (Fig. S6).

We will first describe the frequentist approach. We fitted the following model based on standard me-

diation path analysis:

M = 0{01 + 0!1S+ OQP (3)

Yes = [ol + p\S + poP + ;M (4)

where Yes is the predicted probability that the subject made a “yes”-choice on that trial, S was a binary
vector describing the stimulus identity (1, signal+noise; o, noise), M was a vector of single-trial alpha-band
activity in a given cortical ROI, P was a vector of single-trial pupil responses, and ay, a1, o, By, B, B, and
B are the free parameters of the fit. The parameters were fit using freely available R-software [188]. Note
that equation 4 is a logistic regression. The a-path was given by ay; the b-path was given by f5; the c-path
(median effect) was given by a-path X b-path.

In the hierarchical approach we fitted the equations 2 and 3. Equation 2 was fitted using the hierarchical
drift diffusion regression model described above. Equation 3 was refitted with a hierarchical linear regres-
sion approach (we included random intercepts and slopes, as did the drift diffusion regression model)
using Bambi and PyMC;3 [189, 190]. The c-path (median effect) was again given by the a-path X b-path,

which now involved multiplying the two posterior distributions.

3.4.8 STATISTICAL COMPARISONS

We used the paired-sample t-test to test for significant differences between behavioral measures for the
high vs. low pupil response bin (Fig. 1). We used the Wilcoxon signed-rank test to test for regression
coefficients being significantly different from o (Figs. 4 and $6). On the time-frequency spectra, we used
cluster-based permutation testing [191] to find clusters across time and frequency that differed for our
contrast of interest (Figs. 3, 5, 3 and S4). In all other analyses (Figs. 2, 5, S2.and Ss) we performed statistics
directly on the group-level posterior distribution, which was made up of all the MCMC samples. Such a
posterior distributions was either directly compared to o (the p-value quantifying the fraction of samples
being bigger or smaller than o), or to another posterior distribution (the p-value quantifying the overlap

between the distributions).
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3.4.9 DATA AND CODE SHARING

The data are publicly available on [to be filled in upon publication]. Analysis scripts are publicly available

on [to be filled in upon publication].
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3.6 SUPPLEMENTARY FIGURES
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Figure S1: (A) Mean contrast values of the online staircases for the neutral and conservative condition. Data points, individual subjects.
(B) Overall pupil response time courses in for the highest (33% of trials) and lowest (33% of trials) pupil derivative defined bins, separately
for the two noise conditions. Shading, s.e.m.. All panels: Group average (N = 20).
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Figure S2: (A) Schematic of drift diffusion model accounting for choices, and their associated RTs. Solid lines, RT distributions. In the
equation, v is the drift rate. (B,C) Group-level posterior probability densities of the remaining parameters of the hierarchical drift diffusion
regression model (see Fig. 2; Materials and Methods). The parameters starting point, boundary separation, non-decision time and drift rate
variability were included in the model, but varied only with condition, and not with phasic arousal. (D,E) Group-level posterior probability
densities of all drift diffusion model parameters, when each estimated separately for three pupil-defined bins (Materials and Methods).
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relationship between drift bias estimates and pupil response bin; error bars, s.e.m. All panels: Group average (N = 20).
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Figure S6: (A) Schematic of mediation analysis (see Materials and Methods). Pupil, vector of trial-wise pupil responses; alpha, vector of
trial-wise alpha-band activity measures in a given ROl (Materials and Methods); stim, stimulus (signal+noise vs. noise); choice, response
“no”). All arrows are regressions. (B) Coefficients of linear relationship between trial-wise pupil responses and alpha-band
activity (a-path) for the selected ROIls. Stimulus identity (0, noise; 1, signal+noise) was added as a covariate (Materials and Methods). (C)
Coefficients of the logistic regression of choice (0, “no”: 1, “yes”) on trial-wise pupil responses and alpha-band (b-path) in the selected
ROIs. Stimulus identity was added as a covariate. (D) Coefficients of the indirect path a X b (Materials and Methods). All panels: Group
average (N = 20); error bars, s.e.m.; stats, Wilcoxon signed-rank test.
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Task-evoked pupil responses reflect internal belief

states
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PERCEPTUAL DECISIONS ABOUT THE STATE OF THE ENVIRONMENT ARE OFTEN MADE IN THE FACE
OF UNCERTAIN EVIDENCE. INTERNAL UNCERTAINTY SIGNALS ARE CONSIDERED IMPORTANT REGU-
LATORS OF LEARNING AND DECISION-MAKING. A GROWING BODY OF WORK HAS IMPLICATED THE
BRAIN’S AROUSAL SYSTEMS IN UNCERTAINTY SIGNALING. HERE, WE FOUND THAT TWO SPECIFIC
COMPUTATIONAL VARIABLES, POSTULATED BY RECENT THEORETICAL WORK, EVOKE BOOSTS OF
AROUSAL AT DIFFERENT TIMES DURING A PERCEPTUAL DECISION: DECISION CONFIDENCE (THE
OBSERVER’S INTERNALLY ESTIMATED PROBABILITY THAT A CHOICE WAS CORRECT GIVEN THE EVI-
DENCE) BEFORE FEEDBACK, AND PREDICTION ERRORS (DEVIATIONS FROM EXPECTED REWARD) AF-
TER FEEDBACK. WE MONITORED PUPIL DIAMETER, A PERIPHERAL MARKER OF CENTRAL AROUSAL
STATE, WHILE SUBJECTS PERFORMED A CHALLENGING PERCEPTUAL CHOICE TASK WITH A DELAYED
MONETARY REWARD. WE QUANTIFIED EVOKED PUPIL RESPONSES DURING DECISION FORMATION
AND AFTER REWARD-LINKED FEEDBACK. DURING BOTH INTERVALS, DECISION DIFFICULTY AND AC-
CURACY HAD INTERACTING EFFECTS ON PUPIL RESPONSES. PUPIL RESPONSES NEGATIVELY SCALED
WITH DECISION CONFIDENCE PRIOR TO FEEDBACK AND SCALED WITH UNCERTAINTY-DEPENDENT
PREDICTION ERRORS AFTER FEEDBACK. THIS PATTERN OF PUPIL RESPONSES DURING BOTH INTER-
VALS WAS IN LINE WITH A MODEL USING THE OBSERVER’S GRADED BELIEF ABOUT CHOICE ACCU-

RACY TO ANTICIPATE REWARDS AND COMPUTE PREDICTION ERRORS. WE CONCLUDE THAT PUPIL-
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LINKED AROUSAL SYSTEMS ARE MODULATED BY INTERNAL BELIEF STATES.

4.1 INTRODUCTION

Many decisions are made in the face of uncertainty about the state of the environment. A body of
evidence indicates that decision-makers use internal uncertainty signals for adjusting choice behavior
[125, 156, 192], and deviations between expected and experienced rewards for learning [193, 194]. The
brain might utilize its arousal systems to broadcast such computational variables to circuits implement-
ing inference and action selection [6, 193, 195-197].

Recent theoretical work postulates two variables at different moments during a challenging perceptual
decision [127, 156, 158]: (i) decision confidence before feedback (i.e., the internally estimated probability
of a choice being correct, given the available evidence) and (ii) prediction error (i.e., the difference between
expected and experienced reward) after receiving feedback. Critically, and different from previous work
on reinforcementlearning [12, 195, 196], the prediction error signals depend on graded internal confidence
[127] rather than on the categorical stimulus identity (see Model Predictions below). Such internal belief
states have been incorporated in more recent models of reinforcement learning [198]. Building on previ-
ous work implicating arousal in uncertainty monitoring [74, 125, 199, 200], we here asked whether these
two computational variables would evoke responses of central arousal systems.

It has long been known that the pupil dilates systematically during the performance of cognitive tasks,
a phenomenon referred to as task-evoked pupil response [71, 201-207]. Physiological work indicates that
non-luminance mediated changes in pupil diameter are closely linked to central arousal state [33, 34, 39,
76]. We quantified pupil responses during a perceptual choice task combined with reward-linked feed-
back, analogous to the task used in recent monkey work on uncertainty and prediction errorsto. We then
compared pupil responses before and after reward-linked feedback to predictions derived from alterna-
tive computational models of the internal variables encoded in the brain. Our goal was to (i) replicate the
previously found scaling of pupil responses with decision uncertainty before feedbacks and (ii) test for

the same scaling of pupil responses after feedback, as observed for dopamine neurons [127].

4.2 REsULTS

We monitored pupil diameter in 15 human participants performing an up vs. down random dot motion
discrimination task, followed by delayed reward-linked feedback (Fig. 1). The random dot motion task
has been widely used in the neurophysiology of perceptual decision-making [2, 22]. Importantly, our
version of the task entailed long and variable delays between decision formation and feedback, enabling
us to obtain independent estimates of the pupil responses evoked by both of these events. We titrated
the difficulty of the decision (by varying the evidence strength, or motion coherence, see Methods), so
that observers performed at 70% correct in 2/3 of the trials in one condition ("Hard’) and at 85% correct

in 1/3 of the trials in the other condition (Easy’). Correct vs. error feedback was presented after choice
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Figure 1: Perceptual choice task with delayed reward. Random dot kinematograms (RDK) were presented in one half of the visual field
during each block of trials (counterbalanced). Random motion (0% coherence) was presented throughout all intervals except for the ‘motion
stimulus’ interval, during which the RDKs to be discriminated were shown, prompted by an auditory cue (250 ms). Motion coherence of
the stimulus varied from trial to trial, yielding a Hard and an Easy condition. A change back from a closed to an open rectangle in the
fixation region (constant luminance) prompted subjects’ choice (‘Response interval’). After a variable delay (3.5-11.55) following the
choice, feedback was presented that was coupled to a monetary reward (see main text). The white circle surrounding the RDKs is for
illustration only and was not present during the experiment.

and converted into a monetary reward, based on the average performance level across a block (25 trials),
as follows: 100% correct yielded 10 Euros, 75% yielded s Euros, chance level (50% correct) yielded o Euros.

The total reward earned was presented on the screen to participants at the end of each block.

4.2.1 MODEL PREDICTIONS

We used two computational models based on signal detection theory [24] to generate qualitative predic-
tions for the behavior of internal signals before and after reward feedback that might drive pupil-linked
arousal (Fig. 2a, see Materials and Methods for details). Both models assumed that observers catego-
rize the motion direction based on a noisy decision variable, which in turn depended on the stimulus
strength (motion coherence), the stimulus identity (Up or Down), and on internal noise. The models’
choices were governed by comparing this noisy decision variable to zero, ensuring no bias towards one
over the other choice.

The two models differed in how confidence was defined. Here, with confidence we refer to the ob-
server’s internally estimated probability that a choice was correct given the available evidence [158]. Be-
cause choice accuracy was coupled to a fixed monetary reward in our experiment (see above), confidence
equaled an ideal observer’ internally estimated probability of obtaining the reward, in other words, re-
ward expectation. In the "Belief State Model’, confidence was computed as the absolute distance between

the decision variable (depending on the stimulus identity, stimulus strength, and internal noise) and the
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Figure 2: Alternative predictions for internal signals during pre- and post-feedback intervals of the task. (a) Computations underlying
choice, confidence, uncertainty and prediction error. Repeated presentations of a generative stimulus produce a normal distribution of
internal decision variables (dv) due to the presence of internal noise, which is centered around the generative stimulus (u). In this model,
confidence is defined as the single-trial distance between dv and c, the internal decision bound. Prediction errors are computed by
comparing experienced reward (i.e. feedback) with the observers' expected outcome. (b-d) Computational variables were simulated for
every trial, then averaged separately for Correct and Error conditions for each level of task difficulty (in this case, motion coherence). Belief
State Model predictions. (e-g) Stimulus State Model predictions. (b,e) Decision uncertainty (complement of confidence) as function of task
difficulty during pre-feedback interval. (c,f) Prediction error as function of task difficulty during post-feedback interval. (d,g) Interaction
term computed as (Easy Error - Easy Correct) - (Hard Error - Hard Correct). See main text for model details.

decision criterion (i.e., zero) (Fig. 2a; see Methods and [156]). By contrast, in the Stimulus State Model’,
confidence was computed as the absolute distance between the physical stimulus value (i.e. physical stim-
ulus identity times stimulus strength) and the criterion (zero). In both models, reward prediction error
was computed as the difference between the confidence and the reward-linked feedback. Thus, in the Be-

lief State Model, the observer’s internal belief about the state of the outside world (encoded in the noisy
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decision variable) determined both reward expectation (i.e., confidence) and reward prediction error; in
the Stimulus State Model, these computational variables did not depend on the observer’s internal belief,
but only on the strength and identity of the external stimulus.

We simulated these two models to derive qualitative predictions that distinguished between their inter-
nal signals. To this end, we computed confidence and reward prediction errors at the level of individual
trials (see above) and then collapsed these single-trial signals within each Accuracy and Difhculty condi-
tion. The rationale was that the interaction between conditions (defined as [Easy Error - Easy Correct]
- [Hard Error - Hard Correct]) most clearly dissociated between the predictions generated from both
models (Fig. 2b-g).

Previous pupillometry work on a similar task showed that pre-feedback pupil responses scaled with
decision uncertainty (i.e. the complement of decision confidence) [125]. We thus generated predictions
for decision uncertainty during the pre-feedback interval (Fig. 2b,e) and, by analogy, for the complement
of the prediction error during the post-feedback interval (Fig. 2c,f).

The critical observation is that the Belief State Model predicts a positive Accuracy x Difhiculty inter-
action pre-feedback, and a negative interaction post-feedback (Fig. 2d). This pattern is consistent with
predictions from a reinforcement learning model based on a partially observable Markov decision process
(POMDP) [127]. In contrast, the Stimulus State Model does not predict an Accuracy x Difhiculty inter-
action either pre- or post-feedback (Fig. 2g). This pattern is consistent with traditional reinforcement
learning models [12, 195, 196].

Previous work on perceptual choice has shown that reaction time (RT) scales with decision uncertainty
[125, 208, 209], in line with the Belief State Model. The same was evident in the present data: there was
a main effect of accuracy, F(1,14) =5s1.57, p<o0.001, and difficulty, F(1,14) =19.53, p <o.001, as well as an
interaction effect of both, F(1,14) =34.95, p<0.001, on RT (see Supplementary Fig. S1, compare with Fig.
2b), in line with the Belief State Model. This indicates that, in our current data, a graded, noisy decision
variable similar to the one postulated by the Belief State Model was encoded and used for the decision
process. We next tested which of the two models better reflected responses of pupil-linked arousal systems.
We analyzed pupil responses as a function of motion strength and choice correctness for the two critical
intervals of the trial: the phase of reward anticipation before feedback, as in previous work [125], and

critically, the phase of reward prediction error signaling after feedback.

4.2..2 SUSTAINED PUPIL RESPONSE MODULATIONS DURING PRE- AND POST-FEEDBACK INTERVALS

The pupil responded in a sustained fashion during both intervals: after the onset of the motion stimu-
lus and locked to the observers’ reported choice (i.e., pre-feedback) and post-feedback (Fig. 3a, blue and
purple lines). The pupil response remained elevated during feedback anticipation, long after stimulus
processing (maximum of 35, 0.75s stimulus duration plus response deadline of 2.25ss, see Fig. 1). Upon
feedback presentation, the pupil initially constricted due to the presentation of the visual feedback stim-

ulus (see Supplementary Fig. S2) and then dilated again to a sustained level for the remainder of the post-
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feedback interval. Please note that we subtracted the pupil diameter during the pre-feedback period from
the feedback-locked responses (see Methods), so as to specifically quantify the feedback-evoked response.

For comparison, we measured, in the same participants (separate experimental blocks), pupil responses
evoked during a simple auditory detection task (button press to salient tone), which did not entail pro-
longed decision processing and feedback anticipation (see Methods). The resulting response, termed
‘impulse response function’” (IRF) for simplicity, was more transient than those measured during the
main experiment: the IRF returned back to the pre-stimulus baseline level after 35 (Fig. 3a, compare
grey IRF with the blue line). Thus, the sustained elevations of pupil diameter observed beyond that
time in the main experiment reflected top-down, cognitive modulations in pupil-linked arousal due to
decision processing and reward anticipation (for the responses locked to the onset of the choice), or due
to reward processing (for the feedback-locked responses). To quantify the amplitude of these cognitive
modulations of the pupil response, we collapsed the pupil response across the time window 3-6s from
the choice (for pre-feedback interval) or from the feedback (post-feedback interval; see gray shaded area in
Fig. 3a). For the cognitive modulations during the pre-feedback interval, we further extracted the mean

pupil response values in the soo ms before the feedback (gray shaded area in Fig. 3b).

4.2.3 INTERACTING EFFECTS OF DECISION DIFFICULTY AND ACCURACY ON EVOKED PUPIL RESPONSES

The sustained pupil responses during both the intervals, pre- and post-feedback, scaled in line with the
predictions from the Belief State Model, not the Stimulus State Model (compare Fig. 3d-f with Fig.
2b-d). First, pupil responses during both intervals were overall larger on Error than Correct trials (Fig.
3b,c). The Stimulus State Model did not predict any difference between the two categories during the
pre-feedback interval, because this model was only informed by external information (motion stimulus
or feedback), not by noisy internal states. The larger pupil responses during errors in the pre-feedback
interval were in line with previous results3, supporting the idea that arousal state between choice and
feedback reflects the observer’s decision uncertainty.

Second, the sustained pupil responses during both intervals exhibited a pattern of interactions between
decision difficulty and accuracy as predicted by the Belief State Model but not the Stimulus State Model
(compare Fig. 3d to Fig. 2d and Fig. 2g). Hereby, the interaction was defined as (Easy Error - Easy Correct)
- (Hard Error - Hard Correct). Specifically, the Belief State Model predicted a significant interaction of
opposite sign for both intervals (Fig. 2d, compare blue and purple dots). That same pattern was evident
in the time course of the interaction term in the pupil response. During both intervals, the interaction
terms were significant, with opposite signs: positive during the pre-feedback interval and negative during
the post-feedback interval (Fig. 3d, blue and purple bars). Consequently, the interaction terms were
significantly different from one another throughout the entire part of the sustained pupil response (Fig.
3d, black bar).

Finally, also the full pattern of sustained pupil responses for the Hard vs. Easy and Correct vs. Error
conditions in both trial intervals (Fig. 3e,f) resembled the pattern predicted by the Belief State Model
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Figure 3: Pupil responses before and after feedback reflect observers’ belief state. (a) Pupil responses locked to the observer's reported
choice (blue) and locked to feedback (purple). Shown for comparison is the pupil ‘impulse response’ from same participants (IRF, see main
text). Grey shading indicates sustained time window (3-6 s), in which IRF returned to baseline. (b) Evoked pupil responses for Correct
and Error trials in pre-feedback interval. Black bar indicates correct vs. error effect, p < 0.05 (cluster-based permutation test). (c) Evoked
pupil responses for Correct and Error trials in post-feedback interval. Black bar indicates correct vs. error effect, p < 0.05 (cluster-based
permutation test). (d) Interaction term (Easy Error - Easy Correct) - (Hard Error - Hard Correct) for choice-locked (blue, coinciding with
observers’ reported choice) and feedback-locked (purple) responses. Horizontal bars indicate effect, p < 0.05 (cluster-based permutation
test): blue bar indicates choice-locked response tested against O; purple bar indicates feedback-locked response tested against O; black bar
indicates difference in interaction between both responses. (e€) Mean response in the pre-feedback interval (500 ms preceding feedback),
as a function of difficulty and accuracy. (f) Mean response (in sustained time window) during the post-feedback interval, as function of
difficulty and accuracy. Error bars, standard error of the mean (N = 15). *p < 0.05, **p < 0.01, ***p < 0.001.

(Fig. 2b,c). In the sustained window during the post-feedback interval, there was a significant interaction
between difficulty and accuracy (Fig. 3f, F(1,14)=9.31, p=0.009; post hoc comparisons: Hard Error vs.
Hard Correct, p =o0.001; Easy Error vs. Easy Correct, p=0.174; Hard Error vs. Easy Error, p=o0.037; Hard
Correct vs. Easy Correct, p=0.031). The sustained window before feedback exhibited a trend towards an
interaction (F(1,14) = 4.12, p=0.062). This effect became stronger during the pre-feedback interval: in the
sooms window just before (and locked to) the feedback delivery (grey window in Fig. 3b), the interaction
was significant (Fig. 3e; F(1,14) =6.66, p=0.022; post hoc comparisons: Hard Error vs. Hard Correct,
p=o0.500; Easy Error vs. Easy Correct, p=0.006; Hard Error vs. Easy Error, p=o0.037; Hard Correct vs.
Easy Correct, p=0.060). For all subsequent analyses, we focus on this interval soo ms before feedback to

probe into participants’ reward anticipation, referring to this time window as the ’pre-feedback interval’.
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Figure 4: Pupil responses before feedback reflect observers’ belief state even when controlling for RT and motion energy fluctuations.
(a) Time course of belief state scaling in the pupil, computed as trial-by-trial regression of RT-corrected pupil dilation onto motion energy
strength. The interaction term (beta weights Error - beta weights Correct) is shown for choice-locked (blue, coinciding with onset of
the choice) and feedback-locked (purple) responses. Horizontal bars indicate effect, p < 0.05 (cluster-based permutation test): blue bar
indicates choice-locked response tested against O; purple bar indicates feedback-locked response tested against O; black bar indicates
difference in interaction between both responses. (b) Mean response in pre-feedback time window (-0.5-0 s) as a function of difficulty
and accuracy. Absolute motion energy was divided into four equally sized bins (per participant) for visualization. Error bars, standard error
of the mean (N = 15). *p < 0.05, **p < 0.01, ***p < 0.001.

In sum, in this perceptual choice task, sustained pupil responses during both reward anticipation (pre-
feedback) as well as after reward experience (post-feedback) were qualitatively in line with the predictions
from a model of reward expectation and prediction error, in which the computation of these internal
variables depended on internal belief states. The results from all main figures are only based on trials with
long delay intervals (>7.5 s) between choice and feedback, and between feedback and the subsequent trial,
in order to minimize possible contamination of evoked pupil responses by the next event (i.e., feedback
or the next trial’s cue; see Methods). We found the same pattern of results when performing the analyses

on all trials (Supplementary Fig. S3).

4.2.4 CONTROL ANALYSIS FOR CONFOUNDING EFFECTS OF VARIATIONS OF RT AND MOTION EN-
ERGY

In the current study, as in previous work using a similar perceptual choice task [125], both RT and pre-
feedback pupil dilation scaled with the decision uncertainty signal postulated by the Belief State Model.
Indeed, RTs were significantly correlated to pre-feedback pupil responses in the pre-feedback window
(-0.5—0s) across all trials, r(13) = 0.12, p < 0.001, and within the following conditions: Hard Error, r=o.11,
p=o0.001; Hard Correct, r=0.09, p <o.001; Easy Correct, r=0.16, p < 0.001, but not within the Easy Error
condition, r=0.07, p=0.223.

While this association was expected under the assumption that RT and pupil dilation were driven by

internal uncertainty signals [125], the association also raised a possible confound. Arousal drives pupil
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dilation in a sustained manner throughout decision formation [33, 40, 42]. The peripheral pupil appara-
tus for pupil dilation (nerves and smooth muscles) has temporal low-pass characteristics. Consequently,
trial-to-trial variations in decision time (the main source of RT variability) can cause trivial trial-to-trial
variations in pupil dilation amplitudes, simply due to temporal accumulation of a sustained central in-
put of constant amplitude but variable duration [33, 40]. Then, pre-feedback pupil response amplitudes
may have reflected RT-linked uncertainty, but without a corresponding scaling in the amplitudes of the
neural input from central arousal systems. Note that this concern applied only to the pre-feedback pupil
dilations, not the post-feedback dilations, which were normalized using the pre-feedback interval as a
baseline (see above). Another concern was that trial-by-trial fluctuations in motion energy, caused by the
stochastically generated stimuli (see Methods) contributed to behavioral variability within the nominally
Easy and Hard conditions.

Our results were not explained by either of those confounds (Fig. 4). To control for both of them
conjointly, we removed the influence of trial-to-trial variations in RT (via linear regression) from the
pre-feedback pupil responses. And we used motion energy filtering [125, 210] to estimate each trials sen-
sory evidence strength. We finally regressed the RT-corrected pupil time courses onto evidence strength
(absolute motion energy), separately for the Error and Correct trials. The interaction term was defined
as the difference in beta weights for the Error vs. Correct trial regressions. In this control analysis, the
critical interaction effect was significant during both the pre-feedback and post-feedback time courses
(ps<o.0s, cluster-based permutation test; Fig. 4a). The interaction terms furthermore differed between
intervals (p <o.0s, cluster-based permutation test; Fig. 4a). When regressing mean RT-corrected pupil
responses in the pre-feedback time window onto evidence strength, the critical interaction term (i.e. beta
weights) within the pre-feedback window still reflected decision uncertainty (Fig. 4b; M =1.35, STD=1.81,
p=o0.001). In sum, while trial-to-trial variations in RT and motion energy explained some variance in the
pupil responses, the key patterns of the pupil responses diagnostic of modulation by belief states were

robust even when controlling for these parameters.

4.2.5 RELATIONSHIP TO URAI ET AL., 2017

Our current results from the pre-feedback interval replicate our earlier finding [125] that pupil responses
in perceptual choice scale with decision uncertainty as postulated by the Belief State Model. This previ-
ous study focused on the pre-feedback responses and did not specifically assess the feedback-locked pupil
responses (pupil measures were corrected with the same pre-trial baseline for the entire trial [125]). We
here re-analyzed the post-feedback responses in the data from [125] for comparison (see Supplementary
Fig. S4). Asin our current data, post-feedback responses were larger after incorrect than correct feedback
(Supplementary Fig. S4a). However, the uncertainty-dependent scaling of post-feedback responses dif-
fered: rather than a negative interaction effect (Fig. 3d), the interaction effect after feedback was positive
(Supplementary Fig. Ssb,c). One possible explanation for this difference may be the effect of reward-

linked feedback: while participants in the current study were paid a compensation depending on their
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Figure 5: Model fits to pupil responses. (a) An example of the correlations (r) for a single subject. The four conditions of interest were
defined by the Accuracy x Difficulty interaction. Easy and Hard conditions for the model parameters were averaged based on the coher-
ence levels presented to each subject. (b) Group-level correlation coefficients (r) for the comparison of the model parameters and pupil
responses, for the pre-feedback (Pre; -0.5-0 s) and post-feedback (Post; 3-6 s) intervals. (c) An example of the correlations for a single
subject using model parameters simulated with motion energy (error trials only). Pupil responses were averaged within equal-sized bins
based on the model parameter for each interval (6 bins). Evidence strength is represented by mean motion energy within each bin (color
bar). (d) Group-level correlation coefficients (r) for the comparison of the model parameters (using motion energy) and pupil responses,
for the pre-feedback (Pre; -0.5-0 s) and post-feedback (Post; 3-6 s) intervals (error trials only). Error bars, standard error of the mean (N =
15). **p < 0.01, ***p < 0.001.

performance, feedback in the study by [125] did not affect a monetary reward. It is thus possible that the

prospect of receiving a performance-dependent monetary reward is required for the recruitment of pupil-
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linked arousal systems by uncertainty-dependent prediction errors. A number of further differences be-
tween these two studies complicates a direct comparison: the behavioral task (i.e. the comparison of two
intervals of motion strength vs. coarse motion direction discrimination), the short vs. long delay periods
between events, and the two cohorts of participants. Despite these limitations, the difference in results
between studies is potentially relevant and should be tested directly in follow-up work that eliminates the

confounding factors listed above.

4.2.6 BELIEF STATE MODEL PREDICTS PUPIL RESPONSES QUANTITATIVELY BETTER THAN STIMU-

LUS STATE MODEL

The data presented thus far show that the pattern of pupil responses was qualitatively in line with the
Belief State Model but not with the Stimulus State Model. To this end, we used predictions from model
simulations based on the group data. However, individuals differ widely in terms of the internal noise,
which dissociates between the models. We next tested whether the Belief State Model provides a quanti-
tatively superior match to the measured pupil data than the Stimulus State Model when individual esti-
mates of internal noise are used to generate model predictions. To this end, we simulated both models
using individual estimates of internal noise (Supplementary Fig. Ssa and Methods). This yielded model
predictions for each individual for the Accuracy x Difficulty conditions, which were qualitatively in line
with predictions based on the group, but with effects that varied in their magnitude between individuals
depending on their estimated internal noise (Supplementary Fig. Ssb).

We predicted that those individual patterns predicted by the Belief State Model should be more similar
to the measured individual pupil responses than the individual patterns predicted by the Stimulus State
Model. We tested this prediction by correlating predictions of both models with the corresponding pupil
responses, separately for each individual. An example for a single subject is shown in Fig. sa, for both
trial intervals. For both intervals, group-level correlations (Fig. sb) were significant (i.e. pupil responses
similar) for the Belief State Model (ps <o0.05), but not the Stimulus State Model (ps > o.05). Further, for
the pre-feedback interval, the Belief State Model correlations were significantly stronger than the Stimulus
State Model (p <o0.05). For the post-feedback interval, there was a trend towards a stronger correlation
for the Belief State Model than the Stimulus State Model (p=o0.074).

To perform a more fine-grained evaluation of the correspondence between model-predicted patterns
and pupil responses, we used the motion energy information extracted from each trial (see previous sec-
tion and Methods) rather than the categorical difficulty conditions (Easy, Hard) to generate individual
model predictions. Because errors, not correct trials, qualitatively dissociate the predictions from the Be-
lief State and Stimulus State Models (compare Fig. 2b,c with Fig. 2¢,f), we restricted this control analysis
to error trials (Fig. sc,d). Again, predictions of both models were correlated to the corresponding pupil
responses (6 bins of model parameters), separately for each individual. An example for a single subject is
shown in Fig. sc.

For both intervals, correlations were positive (i.e. pupil responses similar) for the Belief State model
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predictions and negative (i.e. pupil responses dissimilar) for the Stimulus State model. Critically, the Be-
lief State Model correlations were significantly larger than the Stimulus State Model in the pre-feedback
interval (p <o.001), again with a similar trend for the post-feedback interval (p=0.077). The same held
for a single-trial version of this correlation analysis, again focusing on error trials only (difference in cor-

relation between models: p <o.0o1 for pre-feedback; p= 0.080 for post-feedback).

4.3 DiscussioN

It has long been known that the pupil dilates systematically during the performance of cognitive tasks
[71, 201-207]. The current study shows that task-evoked pupil dilation during a perceptual choice task
indicates, at different phases of the trial, decision uncertainty and reward prediction error. Comparisons
with qualitative model predictions showed that pupil responses during feedback anticipation and after
reward feedback were modulated by decision-makers’ (noise-corrupted) internal belief states that also
governed their choices. This insight is consistent with a reinforcement learning model (POMDP) that
incorporates graded belief states in the computation of the prediction error signals [1277, 198]. In sum, the
brain’s arousal system is systematically recruited in line with high-level computational variables.

A number of previous studies have related non-luminance mediated pupil responses to decision-making,
uncertainty, and performance monitoring [40, 73, 74, 199, 200, 211-213 ], but our current results move
beyond their findings in important ways. First, with the exception of [125], previous studies linking un-
certainty to pupil dynamics have used tasks in which uncertainty originated from the observer’s environ-
ment [74, 199, 200, 211]. By contrast, in our task, decision uncertainty largely depended on the observers’
internal noise, which dissociated the two alternative models of the computational variables under study
(decision uncertainty and reward prediction error, Fig. 2). Second, our work went beyond the results
from [125] in showing that post-feedback pupil dilation reflects belief-modulated prediction error signals
during perceptual decision-making in the context of a monetary reward.

Previous work on central arousal systems and pupil-linked arousal dynamics has commonly used the
dichotomy of (i) slow variations in baseline arousal state and (ii) rapid (so-called ’phasic’) evoked responses
[6, 11, 40, 101]. Our current results indicate that this dichotomy is oversimplified, by only referring to the
extreme points on a natural continuum of arousal dynamics during active behavior. Our results show
that uncertainty around the time of decision formation as well as the subsequent reward experience both
boost pupil-linked arousal levels in a sustained fashion: pupils remained dilated for much longer than
what would be expected from an arousal transient (Fig. 3, compare all time courses with the IRF). Even
in our comparably slow experimental design, these sustained dilations lasted until long after the next
experimental event. This implies that the sustained evoked arousal component we characterized here
contributes significantly to trial-to-trial variations in baseline pupil diameter, which have commonly been
treated as spontaneous’ fluctuations.

Our insights are in line with theoretical accounts of the function of neuromodulatory brainstem sys-

tems implicated in the regulation of arousal [6, 197]. Recent measurements in rodents, monkeys, and
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humans have shown that rapid pupil dilations reflect responses of neuromodulatory nuclei [33, 35, 39].
Neuromodulatory systems are interesting candidates for broadcasting uncertainty signals in the brain be-
cause of their potential of coordinating changes in global brain state [ 6, 11] and enabling synaptic plasticity
in its target networks [214, 215]. While pupil responses evoked by decision tasks or micro-stimulation have
commonly been associated with the noradrenergic locus coeruleus [33, 35, 36, 38, 39], these studies also
found correlates in other brainstem systems [33, 35, 39]. In particular, task-evoked pupil responses during
perceptual choice correlate with fMRI responses in dopaminergic nuclei, even after accounting for corre-
lations with other brainstem nuclei (Figure 8H in [33]). Several other lines of evidence also point to an
association between dopaminergic activity and non-luminance mediated pupil dilations. First, the locus
coeruleus and dopaminergic midbrain nuclei are (directly and indirectly) interconnected [91, 216, 217].
Second, both receive top-down input from the same prefrontal cortical regions [91], which might endow
them with information about high-level computational variables such as belief states. Third, task-evoked
fMRI responses of the locus coeruleus and substantia nigra are functionally coupled (Figure 8G in [33]).
Fourth, both neuromodulatory systems are implicated in reward processing [36, 216]. Fifth, rewards ex-
hibit smaller effects on pupil dilation in individuals with Parkinson’s disease than in age-matched controls,
a difference that can be modulated by dopaminergic agonists [218]. Future invasive studies should estab-

lish this putative link between pupil diameter and the dopamine system.

Recordings from midbrain dopamine neurons in monkey have also uncovered dynamics on multiple
timescales [102, 219], in line with our current insights into pupil-linked uncertainty signaling. Further,
the pattern of pupil dilations measured in the current study matched the functional characteristics of
dopamine neurons remarkably closely (specifically, the pattern of the interaction between task difficulty
and accuracy in pre- and post-feedback responses) [127]. However, the pupil responses followed the com-
plement of the computational variables (i.e., 1-confidence and 1-prediction error) and the dopamine neu-
rons identified by [127]. It is tempting to speculate that task-evoked pupil responses track, indirectly,
the sign-inverted activity of such a belief-state modulated dopaminergic system. Another alternative is
that other brainstem systems driving pupil dilations [33, 35, 39] exhibit the same belief-state modulated

prediction error signals as dopamine neurons.

Our current work has some limitations, but also broader implications, which might inspire future
work. First, provided that participants had learned the required (constant) decision boundary, the current
task did not require them to learn any environmental statistic. While a prediction error signal such as
the one studied here may be essential for perceptual learning [220, 221], the importance of the pupil-
linked arousal signals for learning remains speculative in the context of our experiment. Future work
should address their link to learning. In particular, while decision uncertainty can also be read out from
behavioral markers such as RT [125, 208, 209], no overt behavioral response is available to infer internal
variables instantiated in response to feedback. Thus, our insight that the post-feedback pupil dilation
reports a signal that is known to drive learning in the face of state uncertainty [198] paves the way for

future studies using this autonomous marker for tracking such signals in the brain.
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Another important direction for future research is the relationship between pupil-linked uncertainty
signals and the sense of confidence as reported by the observer [73]. The Belief State Model we used
here makes predictions about a computational variable, statistical decision confidence [158], while being
agnostic about the mapping to the sense of confidence experienced or reported by the observer. Human
confidence reports closely track statistical decision confidence in some experiments [209], but suffer from
miscalibration in others, exhibiting over- or underconfidence [222], insensitivity to the reliability of the
evidence [223], or biasing by affective value [224].

In sum, we have established that internal belief states during perceptual decision-making, as inferred
from a statistical model, are reflected in task-evoked pupil responses. This peripheral marker of central
arousal can be of great use to behavioral and cognitive scientists interested in the dynamics of decision-

making and reward processing in the face of uncertainty.

4.4 METHODS

An independent analysis of these data for the predictive power of pupil dilation locked to motor response,
for perceptual sensitivity and decision criterion has been published previously2s. The analyses presented
in the current paper are conceptually and methodologically distinct, in that they focus on the relationship

between Belief State Model predictions and pupil dilation, in particular locked to the presentation of

reward feedback.

4.4.1 PARTICIPANTS

Fifteen healthy subjects with normal or corrected-to-normal vision participated in the study (6 women,
aged 27 * 4 years, range 23-37). The experiment was approved by the Ethical Committee of the Depart-
ment of Psychology at the University of Amsterdam. All subjects gave written informed consent. All ex-
periments were performed in accordance with the ethical guidelines and regulations. Two subjects were
authors. Subjects were financially compensated with 10 Euros per hour in the behavioral lab and 15 Euros
per hour for MRI scanning. In addition to this standard compensation, subjects earned money based on
their task performance: o—r10 Euros linearly spaced from so—-100% accuracy per experimental session (i.e.
50% correct=o0 Euros, 75% =5 Euros, 100% =10 Euros). At the end of each block of trials, subjects were
informed about their average performance accuracy and corresponding monetary reward. Earnings were

averaged across all blocks at the end of each session.

4.4.2 BEHAVIORAL TASK AND PROCEDURE

Subjects performed a two-alternative forced choice (2AFC) motion discrimination task while pupil dila-
tion was measured (Fig. 1). Motion coherence varied so that observers performed at 70% correct in 2/3
of trials (‘Hard’) and at 85% correct in 1/3 of trials (‘Easy’). After a variable delay (3.5-11.55) following the

choice on each trial, we presented feedback that was coupled to a monetary reward (see ‘Participants’).
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Each subject participated in one training session and four main experimental sessions (in the MRI
scanner). During the training session, subjects’ individual threshold coherence levels were determined
using a psychometric function fit with 7 levels, 100 trials per level, 0-80% coherence. The training session
took 1.shours and each experimental session lasted 2hours. During the experimental sessions, stimuli
were presented on a 31.55” MRI compatible LCD display with a spatial resolution of 1920 x 1080 pixels

and a refresh rate of 120 Hz.

The individual coherence levels were validated at the beginning of each experimental session in prac-
tice blocks (during anatomical scans) by checking that the subject’s average accuracy across a block corre-
sponded to 75% correct. If subjects’ average accuracy of a block exceeded 75%, the difficulty of the task
was increased in the following block by slightly decreasing the motion coherence based on individual per-
formance thresholds (in steps of 1% in accuracy, equally for both Hard and Easy conditions). During ex-
perimental blocks, greater motion coherence (i.e. stronger evidence strength) resulted in higher accuracy
as well as faster responses. Subjects’ accuracy was higher on Easy trials (M =88.06% correct, SD = 4.26)
compared to Hard trials (M =71.15% correct, SD=3.64), p<o.001. Subjects were faster to respond on

Easy trials (M =1.135, SD = 0.13) compared to Hard trials (M =1.225, SD=0.14), p<o0.00L

Task instructions were to indicate the direction of coherent dot motion (upward or downward) with
the corresponding button press and to continuously maintain fixation in a central region during each
task block. Subjects were furthermore instructed to withhold responses until the offset of the coherent
motion stimulus (indicated by a visual cue). The mapping between perceptual choice and button press
(e.g., up/down to right/left hand button press) was reversed within subjects after the second session (out
of four) and was counterbalanced between subjects. Subjects used the index fingers of both hands to

respond.

Each trial consisted of five phases during which random motion (0% coherence) was presented, with
the exception of the stimulus interval: (i) the pupil baseline period (0.5-7s); (ii) the stimulus interval con-
sisting of random and coherent motion for a fixed duration of 0.75s; (iii) the response window (maximum
duration was 2.25s); (iv) the delay period preceding feedback (3.5-11.5 s, uniformly distributed across s lev-
els, steps of 2.5); (v) the feedback and the inter-trial interval (ITT; 3.5-11.5 5, uniformly distributed across s
levels, steps of 2s). Stimulus onset coincided with a visual and auditory cue. The auditory cue was pre-
sented for 0.25s (white noise or pure tone at 880 Hz, 50-50% of trials, randomly intermixed). The visual
cue was a change in the region of fixation from an open to a closed rectangle. The return of the fixation
region to an open rectangle indicated to subjects to give their response (the surface areas in pixels of the
open and closed rectangles were held equal in order to assure no change in overall luminance). Feedback
was presented visually (green/red for correct/error) for so frames (0.42s at 120 Hz). If subjects did not

respond or were too fast/slow in responding, a yellow rectangle was presented as feedback on that trial.

Each block of the task began and ended with a 12-s baseline period, consisting of a fixation region
(no dots). Each block of the task had 25 trials and lasted approximately 8 minutes. Subjects performed

between 23 and 24 blocks yielding a total of 575—600 trials per subject. One subject performed a total
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of 18 blocks (distributed over three sessions), yielding a total of 425 trials. Data from one session of two
subjects (12 blocks in total) and 2 blocks of a third subject were excluded from the analyses because of

poor eye-tracker data quality or technical error.

4.4.3 VISUAL STIMULI

Dot motion stimuli were presented within a central annulus that was not visible to the subjects (grey
background, outer diameter 16.8°, inner diameter of 2.4°). The fixation region was in the center of the an-
nulus and consisted of a black rectangle (0.45°length). Signal dots moved at7.5°/sin one of two directions
(90°0r 270°). Noise dots were randomly assigned (uniformly distributed) to locations within the annu-
lus on each frame, preventing them from being trackable. Each frame consisted of 524 white dots (0.15°in
diameter) within one visual hemifield (left or right; The hemifield remained constant during a block of
trials and was counterbalanced between blocks. This manipulation was specific for the MRI experiment.
The two hemifields were averaged in the current analysis). The proportion of ‘signal’ as compared with
‘noise’ dots defined motion coherence levels. Signal dots were randomly selected on each frame, lasted 10
frames, and were thereafter re-plotted in random locations (reappearing on the opposite side when their
motion extended outside of the annulus). To prevent tracking of individual dots, independent motion

sequences (n=3) were interleaved [106].

4.4.4 EYE-TRACKING DATA ACQUISITION AND PREPROCESSING

Pupil diameter was measured using an EyeLink 1000 Long Range Mount (SR Research, Ottawa, On-
tario, Canada). Either the left or right pupil was tracked (via the mirror attached to the head coil) at
1000 Hz sample rate with an average spatial resolution of 15 to 30 min arc. The MRI681 compatible (non-
ferromagnetic) eye tracker was placed outside the scanner bore. Eye position was calibrated once at the
start of each scanning session.

Eye blinks and saccades were detected using the manufacturer’s standard algorithms (default settings).
Further preprocessing steps were carried out using custom-made Python software, which consisted of (i)
linear interpolation around blinks (time window from o.1s before until o.1s after each blink), (ii) band-
pass filtering (third-order Butterworth, passband: o.01-6 Hz), (iii) removing responses to blink and sac-
cade events using multiple linear regression (responses estimated by deconvolution) [108], and (iv) con-

verting to percent signal change with respect to the mean of the pupil time series per block of trials.

4.4.5 QUANTIFYING PRE- AND POST-FEEDBACK PUPIL RESPONSES

Pupil dilation is affected by a range of non-cognitive factors [217], whose impact needs to be eliminated
before inferring the relation between central arousal and computational variables of interest. We excluded
the impact of a number of non-cognitive factors on the pupil responses: (i) blinks and eye movements,

which were eliminated from the analysis (see above); (ii) luminance, which was held constant throughout
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the trial, with the exception of the visual feedback signals, which we controlled for in a separate control
experiment: Supp. Fig. S2); (iii) motor responses [133]; and (iv) trial-by-trial variations in decision time
that may confound pupil response amplitudes [33, 40] due to the temporal accumulation properties of
the peripheral pupil apparatus [41, 109]. With the aim of excluding effects related to above mentioned
points (iii) and (iv), we investigated pupil responses locked to the choice reported by the observer. Ad-
ditionally, only trials with the three longest delay intervals between events (7.5, 9.5 and 11.55; 3/5 of all
trials) were used in the main analysis of pupil responses. Specifically, for the pre-feedback interval, the
delay period was between the choice and feedback. For the post-feedback interval, the delay period was
the inter-trial interval. Finally, we performed a control analysis in which RTs were removed from pupil

responses via linear regression (see Fig. 4).

For each trial of the motion discrimination task, two events of interest were inspected: (a) pupil re-
sponses locked to the observers’ reported choice (button press) and (b) pupil responses locked to the
onset of the feedback. On each trial, the mean baseline pupil diameter (the preceding o.5s) with respect
to the motion stimulus onset and feedback onset was subtracted from the evoked and mean responses
for the pre-feedback and post-feedback intervals, respectively. We extracted the mean pupil responses
within the sustained time window (3-6s5), defined by the period during which the independently mea-
sured pupil IRF returned to baseline (at the group level, Fig. 3a). The uncertainty signal was expected to
be largest in the time window just preceding feedback based on Urai et al.3, reflecting the fact that the ‘re-
ward anticipation’ state is highest the longer the observer waits for feedback. Therefore, we additionally

analyzed pre-feedback pupil responses in the o.5s preceding feedback.

4.4.6 MODEL PREDICTIONS

In signal detection theory, on each trial a decision variable (dv;) was drawn from a normal distribution
N(u,0), where it was the sensory evidence on the current trial and o was the level of internal noise. In
our case, we took x4 to range from -o.5 to 0.5, corresponding to the extremes of the motion coherence
presented in the main experiment (where 0 =100% random motion and 1=100% coherent motion). The
internal noise, o, was estimated by fitting a probit psychometric function onto the combined data across
all subjects (slope f=7.5). The standard deviation, o, of the dv distribution is % = 0.133. The decision
bound, c, was set to o, indicating no choice bias for any observer.

For each level of evidence strength, 4 = [—0.5, 0.5] in steps of 0.01, we simulated a normal distribution
of dv with o=0.133 with 10,000 trials. The choice on each trial corresponded to the sign of dv;. A choice
was correct when the sign of dv; was equal to the sign of z,. Errors occurred due to the presence of noise
in the dv, which governed choice in both of the two models discussed as follows.

We simulated two models, the Belief State Model and the Stimulus State Model, which differed only
in the input into the function used to compute confidence: whether the confidence is a function of dv;

or u;. Confidence was defined as
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where n was the number of trials per condition, for which the predictions were generated (see below), f
was the cumulative distribution function of the normal distribution, transforming the distance |dv—c| or

| — c| into the probability of a correct response, for the Belief State or Stimulus State Model, respectively.

X
oV2

Because we applied equations 1 and 2 separately to each combination of Difhiculty (i.e. coherence level)

fix) = 511+ el o)

and Accuracy (Error and Correct) conditions, n depended on the variable number of trials obtained in
each condition (with the smallest n for the Easy Error condition) in our simulations.

Decision uncertainty was the complement of confidence

Uncertainty = 1 — confidence (4)

And the prediction error was defined as

Predictionerror = feedback — confidence (s)

Pre-feedback pupil responses have previously been found to reflect decision uncertaintys3; we therefore
expected the post-feedback pupil responses to similarly follow the complement of the prediction error
(i.e. 1-prediction error). For each trial, we computed the binary choice, the level of decision uncertainty,
the accuracy of the choice and the prediction error. For plotting, we collapsed the coherence levels across
the signs of 1, as these are symmetric for the up and down motion directions.

Custom Python code used to generate the model predictions can be found here: https://github.

com/colizoli/pupil_belief_states.

4.4.7 MOTION ENERGY

To extract estimates of fluctuating sensory evidence, we applied motion energy filtering to the single-trial
dotmotion stimuli (using the filters described in [210]). Summing the 3D motion energy values over space
and time gave us a single-trial estimate of the external sensory evidence presented to the subject (positive
for upwards, negative for downwards motion). We used the absolute value of this signed motion energy
signal as our continuous measure of sensory evidence strength in statistical analyses. For visualization

(Fig. 4b), we divided this absolute motion energy metric into 4 equally-sized bins within every observer.

142


https://github.com/colizoli/pupil_belief_states
https://github.com/colizoli/pupil_belief_states

4.4.8 STATISTICAL ANALYSIS

Behavioral variables and pupil responses were averaged for each condition of interest per subject (N =15).
Statistical analysis of mean differences in pupil dilation of evoked responses was done using cluster-based
permutation methods6s. The average responses in the sustained time windows were evaluated using a
two-way ANOVA with factors: difficulty (2 levels: Hard vs. Easy) and accuracy (2 levels: Correct vs.

Error). All post-hoc and two-way comparisons were based on non-parametric permutation tests (two-

tailed).

4.4.9 CONTROL EXPERIMENT I: INDIVIDUAL PUPIL IMPULSE RESPONSE FUNCTIONS

In order to define a sustained component of pupil responses evoked by the events of interest during
the main experiment, we independently measured subjects’ pupil responses evoked by simply pushing
a button upon hearing a salient cue. This enabled a principled definition of the time window of inter-
est in which to average pupil responses based on independent data. Subjects performed one block of
the pupil impulse response task at the start of each experimental session (while anatomical scans were
being acquired). Pupil responses following an auditory cue were measured for each subject63. Pupils
were tracked while subjects maintained fixation at a central region consisting of a black open rectangle
(0.45°length) against a grey screen. No visual stimuli changed, ensuring constant illumination within a
block. An auditory white noise stimulus (0.25s) was presented at random intervals between 2 and 65
(drawn from a uniform distribution). Participants were instructed to press a button with their right in-
dex finger as fast as possible after each auditory stimulus. One block consisted of 25 trials and lasted 2 min.
Two subjects performed three blocks, yielding a total of 7s5-100 trials per subject. Trials without a re-
sponse were excluded from the analysis. Each subject’s impulse response function (IRF) was estimated
using deconvolution (with respect to the auditory cue) in order to remove effects of overlapping events

due to the short delay interval between subsequent trials6r.

4.4.10 CONTROL EXPERIMENT 2: PUPIL RESPONSES DURING PASSIVE VIEWING OF FEEDBACK SIG-

NALS

Pupil responses evoked by the green and red fixation regions used in the main experiment were measured
in a separate control experiment (see Supplementary Fig. S2; N=15, s women, aged 28.5+ 4 years, range
23-34). Three subjects were authors, two of which participated in the main 2AFC task. No other subjects
from this control experiment participated in the main 2AFC task. Pupils were tracked while subjects
maintained fixation at a central region of the screen. Stimuli were identical to the main 2AFC task; dot
motion consisted of only random motion (0% coherence). A trial consisted of two phases: (i) the baseline
period preceding the onset of a color change (1-3s, uniform distribution), and (ii) passive viewing of the
stimuli used for feedback in the main experiment: during which the fixation region changed to either

red or green (50—50% of trials, randomized) for so frames (0.42s at 120 Hz). This was followed by an ITI
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(3—6s, uniformly distributed). Participants were instructed that they did not need to respond, only to
maintain fixation. A block consisted of 25 trials and lasted 3 min. Subjects performed eight blocks of this

task in the behavioral lab, yielding 200 trials per subject.

4.411 DATA AVAILABILITY

The pupil dataand model prediction code are publicly available here: https://github.com/colizoli/
pupil_belief_states.
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4.6 SUPPLEMENTARY FIGURES
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Figure S1: RT scales with decision uncertainty. Mean reaction times (RT) as a function of task difficulty and accuracy. Task difficulty and
accuracy interacted. Error bars represent the standard error of the mean (N = 15). ***p < 0.001.
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Figure S2: Pupil responses during passive viewing of feedback signals. In a control experiment (N = 15, 5 women, aged 28.5+4 years,
range 23-34), we investigated the time course of potential differences in pupil responses evoked by red as compared with green light,
regardless of whether these colors correspond to reward feedback during the perceptual choice task. Three subjects were authors, two
of which participated in the main experiment. Stimuli were identical to the main 2AFC task; dot motion consisted of only random motion
(0% coherence). A trial consisted of a baseline period preceding the onset of a color change (1-3 s, uniformly distributed), the red or green
rectangle at fixation (50-50% of trials, randomized, 0.42 s), and ITI (3-6 s, uniformly distributed). Participants passively viewed the stimuli
while maintaining fixation. Pupil responses were averaged for each condition of interest per subject (N = 15, 200 trials per subject). The
light-mediated pupil constrictions evoked by visual feedback cues during the main task (grey) and in the passive viewing control experiment
(red, green). The grey bar indicates a difference between red- and green-evoked responses, p < 0.05 (cluster-based permutation test, see
main text). Grey shaded area, ‘sustained’ time window during which pupil dilation was averaged, defined by the period during which the
pupil impulse response function returned to baseline and the shortest delay between events (3-6 s). The results show that (i) green and red
light both evoked pupil constrictions, and (i) green light produced slightly larger pupil constriction than red light, in an early time window
(0.25-2.25 s). The difference in Correct vs. Error trials in pupil constriction after feedback during the main experiment continues after this
early time window (see Figure 3c). Furthermore, any differences obtained within Error and Correct conditions after feedback during the
main experiment cannot be explained by differences between the color-evoked responses, as the stimulus color was the same between

these comparisons.
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Figure S3: Replication of Figure 3 with all trials. The same pattern of pupil responses was obtained when all trials were included in the
analysis, including those in which the interval between events (Delay and ITI periods of a trial; see Fig. 1) was less than 7.5 s (delays
ranged from 3.5-11.5 s, with 5 levels in steps of 2 s, uniformly distributed) (a-f). For the pupil responses in the -0.5 s window preceding
feedback (e), a significant interaction between difficulty and accuracy was obtained in this later time window (F(1,14) = 4.95, p = 0.043;
post hoc comparisons: Hard Error vs. Hard Correct, p = 0.072; Easy Error vs. Easy Correct, p = 0.004; Hard Error vs. Easy Error, p = 0.074;
Hard Correct vs. Easy Correct, p = 0.061). During the post-feedback interval, a significant interaction between difficulty and accuracy
was obtained (f), F(1,14) = 7.89, p = 0.014; post hoc comparisons: Hard Error vs. Hard Correct, p = 0.001; Easy Error vs. Easy Correct, p
=0.572; Hard Error vs. Easy Error, p = 0.066; Hard Correct vs. Easy Correct, p = 0.118).
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Figure S4: Reanalysis of the data from our previously published study [125] (available at https://doi.org/10.6084/m9.
figshare.4300043). This study used a similar visual perceptual choice task, however with a number of important differences specified
in the following: The study used a two-interval forced choice motion coherence discrimination task; multiple levels of task difficulty were
intermixed, here sorted into two categories (median split) yielding Hard and Easy conditions for comparison with the present data; delay
intervals between decision and feedback, and the inter-trial-intervals were shorter than in the current study; feedback (Correct or Error)
was presented by two different tones; feedback was not linked to any reward (participants’ financial remuneration was not contingent on
performance). (a) Evoked pupil responses for Correct (green) and Error (red) trials locked to trial-wise (auditory) feedback. The black bar
indicates Correct vs. Error effect, p < 0.05 (cluster-based permutation test). Because feedback was not presented visually, there was no
post-feedback pupil constriction, but dilation for all trial types. Error feedback elicited stronger dilations than correct feedback, as in the
current data (compare with Figure 3c). (b) Pupil responses as a function of task difficulty and accuracy locked to feedback. The scaling
with evidence strength was similar to pre-feedback decision uncertainty, but not to post-feedback prediction error, with smaller dilations
for Correct Easy than Correct Hard responses (compare to Figure 2c). (c) The interaction term for task difficulty with two levels (Easy Error
- Easy Correct) - (Hard Error - Hard Correct) for feedback-locked responses. The purple bar indicates the feedback-locked response tested
against O, p < 0.05 (cluster-based permutation test). For all feedback-locked responses, the mean pupil diameter across the pre-feedback
interval from -0.5 s to O s was subtracted from the response time courses at the single-trial level. Each condition of interest was averaged
across subjects (N = 27).
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Figure S5: Individual psychometric functions and model predictions. Based on the individual estimates of internal noise in the data
(i.e. sigma) (a), subject-specific model predictions were generated for the Belief State and Stimulus State models (b). Predictions for the
interaction term defined as (Easy Error - Easy Correct) - (Hard Error - Hard Correct) based on subject-specific motion coherence levels are

shown.
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PERCEPTUAL CHOICES NOT ONLY DEPEND ON THE CURRENT SENSORY INPUT, BUT ALSO ON THE BE-
HAVIORAL CONTEXT, SUCH AS THE HISTORY OF ONE’S OWN CHOICES. YET, IT REMAINS UNKNOWN
HOW SUCH HISTORY SIGNALS SHAPE THE DYNAMICS OF LATER DECISION FORMATION. IN MODELS
OF DECISION FORMATION, IT IS COMMONLY ASSUMED THAT CHOICE HISTORY SHIFTS THE START-
ING POINT OF ACCUMULATION TOWARDS THE BOUND REFLECTING THE PREVIOUS CHOICE. WE
HERE PRESENT RESULTS THAT CHALLENGE THIS IDEA. WE FIT BOUNDED-ACCUMULATION DECI-
SION MODELS TO HUMAN PERCEPTUAL CHOICE DATA, AND ESTIMATED BIAS PARAMETERS THAT
DEPENDED ON OBSERVERS’ PREVIOUS CHOICES. ACROSS MULTIPLE TASK PROTOCOLS AND SENSORY
MODALITIES, INDIVIDUAL HISTORY BIASES IN OVERT BEHAVIOR WERE CONSISTENTLY EXPLAINED
BY AHISTORY-DEPENDENT CHANGE IN THE EVIDENCE ACCUMULATION, RATHER THAN IN ITS START-
ING POINT. CHOICE HISTORY SIGNALS THUS SEEM TO BIAS THE INTERPRETATION OF CURRENT SEN-
SORY INPUT, AKIN TO SHIFTING ENDOGENOUS ATTENTION TOWARDS (OR AWAY FROM) THE PREVI-

OUSLY SELECTED INTERPRETATION.
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5.1 INTRODUCTION

Decisions are not isolated events, but are embedded in a sequence of choices. Choices, or their outcomes
(e.g. rewards), exert a large influence on subsequent choices [12, 13]. This holds even for low-level percep-
tual choices [14-16]. In most perceptual choice tasks used in the laboratory, the decision should only be
based on current sensory input, the momentary “evidence” for the decision. Thus, most work on their
computational and neurophysiological mechanisms has largely focused on the transformation of sensory
evidence into choice [20]. Yet, perceptual decisions are strongly influenced by a number of historical fac-
tors: whether or not previous choices led to positive outcomes [ 15, 225], the confidence in them [226], and
their content (i.e. which stimulus categories were selected; [125, 227, 228]. The latter type of sequential
effect, which we call “choice history bias”, refers to the selective tendency to repeat (or alternate) previous
choices. It is distinct and dissociable from effects of reward, performance feedback or subjective error
awareness in previous trials.

Choice history biases are prevalent in human [125, 228], monkey [229] and rodent [230, 231] perceptual
decision-making. Remarkably, this holds even for environments lacking any correlations between stimuli
presented on successive trials — the standard in psychophysical laboratory experiments. Choice history
biases vary substantially across individuals [125, 232]. Neural signals reflecting previous choices have been
found across the sensorimotor pathways of the cerebral cortex, from sensory to associative and motor
regions [8s, 227, 229, 233-238].

By which mechanism are choice history signals incorporated into the formation of a decision? Current
models of perceptual decision-making posit the temporal accumulation of sensory evidence, resulting in
an internal decision variable that grows with time [2, 18, 19, 25]. When this decision variable reaches
one of two decision bounds, a choice is made and the corresponding motor response is initiated. In this
framework, a bias can arise in two ways: (i) by shifting the starting point of accumulation towards one
of the bounds, or (ii) by selectively changing the rate at which evidence for one versus the other choice
alternative is accumulated. Figure 1 illustrates these two biasing mechanisms for a simple and widely
used form of accumulation-to-bound model: the drift diffusion model (DDM). Similar principles apply
to more complex accumulation-to-bound models we will explore below. The starting point shift can
be thought of as adding an offset to the perceptual interpretation of the current sensory evidence. By
contrast, the evidence accumulation bias corresponds to biasing that perceptual interpretation towards
one of the two stimulus categories.

It is currently unknown which of those two principal mechanisms accounts for the choice history bi-
ases observed in overt behavior. Previous theoretical accounts have postulated a shift in the starting point
of the decision variables towards the bound of the previous choice [239-241]. This is based on the as-
sumption that the representation of the decision variable decays slowly, leaving a trace of the observer’s
choice in the next trial [242-245]. However, choice history biases might also originate from a slower (i.c.,
tens of seconds) across-trial accumulation of internal decision variables — analogous to the accumulation

of external outcomes in value-based decisions [12, 13]. Previous experimental work on perceptual choice
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history biases either did not analyze the within-trial decision dynamics [8s, 125,208, 227, 228,230], or only
tested for starting point biases, not accumulation biases [229, 239, 240, 242, 243, 246-248].

Here, we untangle how history-dependent changes in evidence accumulation and starting point con-
tribute to history biases in overt choice behavior. Across a range of perceptual choice tasks, we found that
individual differences in choice repetition are explained by history-dependent biases in accumulation, not
starting point. Thus, the interaction between choice history and decision formation seems to be more
complex than previously thought: choices may bias later evidence accumulation processes towards (or

away from) the previous chosen perceptual interpretation of the sensory input.

5.2 REsULTS

We fit different bounded-accumulation models to human behavioral data (choices and response times
(RT). The DDM fits model parameters from joint choices RT distributions, and provides good fits to
behavioral data from a large array of two-choice task [25]. We estimated the following parameters: non-
decision time (the time needed for sensory encoding and response execution), starting point of the deci-
sion variable, separation of the decision bounds, mean drift rate, and a stimulus-independent constant

added to the mean drift. We refer to the latter parameter (termed “drift criterion” by [25]) as “drift bias”.
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Figure 1: Two biasing mechanisms within the DDM. The DDM postulates that noisy sensory evidence is accumulated over time, until the
resulting decision variable y reaches one of two bounds (dashed black lines at y=0 and y=a) for the two choice options. Repeating this
process over many trials yields RT distributions for both choices (plotted above and below the bounds). Gray line: example trajectory of
decision variable from single trial. Black lines: mean drift and resulting RT distributions under unbiased conditions. (a) Choice history-
dependent shift in starting point. Green lines: mean drift and RT distributions under biased starting point. Grey shaded area indicates
those RTs for which starting point leads to choice bias. (b) Choice history-dependent shift in drift bias. Blue lines: mean drift and RT
distributions under biased drift. Grey shaded area indicates those RTs for which drift bias leads to choice bias. (c) Both mechanisms
differentially affect the shape of RT distributions. Conditional bias functions [249], showing the fraction of biased choices as a function
of RT, demonstrate the differential effect of starting point and drift bias shift.

Within the DDM, choice behavior can be selectively biased toward repetition or alternation by two
mechanisms: shifting the starting point or biasing the drift towards (or away from) the bound for the
previous choice (Figure 1). These biasing mechanisms are hard to differentiate based on the proportion of
choices alone, but they are readily distinguishable by the relationship between choice bias and RT (Figure
1c). Specifically, the conditional bias function [249] shows the fraction of choices that are repetitions as
a function of their RT (binned in quantiles). A shift in starting point is most influential early on in the

decision process: it affects the leading edge of the RT distribution and shifts its mode. It predicts that the
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majority of history-dependent choice biases occur on trials with fast RTs (Figure 1c, green). A drift bias
is instead accumulated along with the evidence and therefore grows as a function of elapsed time. Thus,
drift bias strongly affects the trailing edge of the RT distribution with only a minor effect on the mode,
altering choice fractions across the whole range of RTs (Figure 1c, blue). History-dependent changes in
bound separation or mean drift rate may also occur, but they can only change overall RT and accuracy:
those changes are by themselves not sufficient to bias the accumulation process toward one or the other
bound, and thus towards choice repetition or alternation (see Figure 4 — Figure Supplement 4).

We fit different variants of the DDM (Figure 3 — Figure Supplement 1) to data from six different ex-
periments. These covered a range of task protocols and sensory modalities commonly used in studies of
perceptual decision-making (Figure 2a and Methods section Datasets: behavioral tasks and participants):
two alternative forced-choice, two interval forced-choice, and yes-no (simple forced choice) tasks; RT
and so-called fixed duration tasks; visual motion direction and coherence discrimination, visual contrast
and auditory detection; and experiments with and without single-trial performance feedback. As found
in previous work [125, 228, 232], observers exhibited a wide range of idiosyncratic choice history biases
across all experiments (Figure 2b,c). To ensure that the DDM is an appropriate (simplified) modeling
framework for these data, we first fit a basic version of the DDM that contained the above-described pa-
rameters, without allowing bias parameters to vary with choice history. We then fit the DDM while also
allowing starting point, drift bias, or both to vary as a function of the observer’s choice on the previous
trial.

The DDM fits matched several aspects of the behavioral data well (Figure 3 — Figure Supplement 1).
First, RT distributions matched the model predictions reasonably well (shown separately for each com-
bination of stimuli and choices in Figure 3 — Figure Supplement 1, darker colors indicate predicted RTs
obtained through model simulations). Second, for the fits obtained with a hierarchical Bayesian fitting
procedure (see Figure 3 — Figure Supplement 1 and Materials and Methods), used for Figures 3-5, the R for
group-level parameters ranged between 0.9997 and 1.0406 across datasets, indicating good convergence
of the sampling procedure. Third, individual drift rate estimates correlated with individual perceptual
sensitivity (d’, Figure 3 — Figure Supplement 1a) and monotonically increased with stronger sensory ev-
idence (Figure 3 — Figure Supplement 1a). In fixed duration tasks, the decision-maker does not need to
set a bound for terminating the decision [18], so the bounded diffusion process described by the DDM
might seem inappropriate. Yet, the success of the DDM in fitting these data was consistent with previ-
ous work [247, 250, 251] and might have reflected the fact that observers set implicit decision bounds also

when they do not control the stimulus duration [252] but see [253].

§.2.1 HISTORY-DEPENDENT ACCUMULATION BIAS, NOT STARTING POINT BIAS, EXPLAINS INDIVID-

UAL DIFFERENCES IN CHOICE REPETITION BEHAVIOR

Models with history-dependent biases better explained the data than the baseline model without such

history dependence (Figure 3a), corroborating the observation that observers’ behavior showed consider-
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Figure 2: Behavioral tasks and individual differences. (a) Schematics of perceptual decision-making tasks used in each dataset. See
Methods section Datasets: behavioral tasks and participants. (b) Distributions of individual choice history biases for each dataset. Grey
bars show individual observers, with colored markers indicating the group mean. (c) Each individual’s tendency to repeat their choices
after correct vs. error trials. The position of each observer in this space reflects their choice- and outcome-dependent behavioral strategy.

able dependence on previous choices (Figure 2f). The model with both history-dependent starting point
and drift bias provided the best fit to five out of datasets (Figure 3a), based on the Akaike Information Cri-

terion (AIC; [254] — note that we obtained the same results when instead using the hierarchical Deviance
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Information Criterion).

The above model comparison pointed to the importance of including a history-dependency into the
model. We further examined the ability of each model to explain specific diagnostic features in the data
[255] thatdistinguished starting point from drift bias. A history-dependentshiftin the starting pointleads
to biased choices primarily when responses are fast (early RT quantiles), whereas a history-dependent shift
in drift leads to biased choices across all trials, including those with slow responses (Figure 1). We simu-
lated choices and RTs from the three different model variants and computed so-called ‘conditional bias
functions’ [249]: the fraction of choices in line with each observer’s choice repetition tendency (i.e., rep-
etition probability) within each quantile of their RT distribution. For observers whose choice repetition
probability was > o.s, this was the fraction of repetitions; for the other observers, this was the fraction
of alternations. Consistent with a shift in drift bias, observers exhibited history-dependent choice biases
across the entire range of RTs (Figure 3b). In particular, the biased choices on slow RTs could only be
captured by models that included a history-dependent shift in drift bias (Figure 3¢, blue and dark green
bars).

We used the parameter estimates obtained from the full model (with both history-dependent starting
pointand drift bias) to investigate how history-dependent variations in starting point and drift bias related
to each individual’s tendency to repeat their previous choices. We call each bias parameter’s dependence
on the previous choice its ‘history shift’. For instance, in the left vs. right motion discrimination task,
the history shift in starting point was computed as the difference between the starting point estimate for
previous ‘left’ and previous ‘right’ choices, irrespective of the category of the current stimulus. The history
shift in drift bias, but not the history shift in starting point, was robustly correlated to the individual
probability of choice repetition (Figure 4a, significant correlations indicated with solid regression lines).
In five out of six datasets, the correlation with the history shift in drift bias was significantly stronger than

the correlation with the history shift in starting point (Figure 4b, Ap values).

We quantified the total evidence by computing a Bayes factor for each correlation [256], and muldi-
plying these across datasets [257]. This further confirmed that individual choice history biases were not
captured by history shifts in starting point, but consistently captured by history shifts in drift (Figure 4b).
Specifically, the Bayes factor for the history shift in starting point approached zero, indicating strong ev-
idence for the null hypothesis of no correlation. The Bayes factor for the history shift in drift indicated

strong evidence for a correlation [258].

Correlations between estimated history shifts in starting point and drift bias were generally negative
(mean Spearman’s p: -0.2884, range -0.4130 to -0.0757), but reached statistical significance (p < 0.0s) in
only one dataset. The combined Bayes Factor BF,, was 0.0473, indicating strong evidence for Ho. We

thus remain agnostic about the relationship between the history shifts of both parameters.

The same qualitative pattern of results was obtained with an alternative fitting procedure (non-hierarchical
G2 optimization, Figure 4 — Figure Supplement 1a), as well as a model that allowed for additional across-

trial variability in non-decision time (Figure 4 — Figure Supplement 1b). Letting non-decision time vary

156



Visual motion Visual motion b
2AFC (RT) 2AFC (FD)

Q
o

3 -50 056 7 Model z+ Vi
° -
2 S 100 -100 = 055 1
£ 2 150 £ 054
= - s 4
R e g °
S £ 300 - g 053 1
Bl 250 S
< g 052 - Model v,
L
Visual motion Visual motion § 051 { Modelz
2IFC (FD) #1 2IFC (FD) #2
0 0 05 4 T T T 1
- 7
3. 50 Oy %6592 %9 73
S
E ’3 100 -500 Response time (s)
§%
58 150
O £ c
== 0.55
P -1000 ] Dat
4 X ata
200 s Model z
5 5 054 4 Model v
Visual contrast Auditory B Model 7'09,_“
i yes/no (RT) . yes/no (RT) g 053
(23
pd
° o
3> -100 o 052
£ 50 3
@ - s
E= 200 5 051
£3
Q= 05 -
33 -100 -300 E—
e fast slow
z Ve both zZ v both Response time

Figure 3: Model comparison and simulations. (a) For each dataset, we compared the AIC between models where drift bias, starting point
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for each dataset. Lower AIC values indicate a model that is better able to explain the data, taking into account the model complexity; a
A AIC of 10 is generally taken as a threshold for considering one model a sufficiently better fit. (b) Conditional bias functions (Figure
1c; White and Poldrack, 2014). For the history-dependent starting point, drift bias and hybrid models, as well as the observed data, we
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history bias (repetition or alternation) indicates the degree of choice history bias. Error bars indicate mean * s.e.m. across datasets. (c)
Choice bias on slow response trials can be captured only by models that include history-dependent drift bias. Black error bars indicate
mean = s.e.m. across datasets, bars indicate the predicted fraction of choices in the first and last RT quantiles.

with each level of sensory evidence strength (in the two datasets including multiple such levels) did not
change the pattern of model comparison and correlation results (Figure 4 — Figure Supplement 1c). These
findings are thus robust to specifics of the model and fitting method. The Visual motion 2IFC #2 also
included pharmacological interventions in two sub-groups of participants (see Methods); we found the
same effects for both drug groups as well as the placebo group (Figure 4 — Figure Supplement2). A signif-
icant positive correlation between history shift in drift bias and P(repeat) was evident separately for two
sub-groups of participants, defined by splitting the groups into “Repeaters” and “Alternators” based on
P(repeat) being larger or smaller than o.s, respectively (Figure 4 — Figure Supplement 3).

The lack of a correlation between history-dependent starting point shifts and individual choice repe-
tition is surprising in light of previous accounts [239, 243]. History shifts in starting point were mostly
negative (i.e., tendency towards choice alternation) across participants, regardless of their individual ten-
dency towards choice repetition or alternation (Figure 4 — Figure Supplement s, significant in two out of

six datasets). This small but consistent effect likely explains why our formal model comparison favored a
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model with both history-dependent drift and starting point over one with drift bias only (see also Discus-
sion). Critically, only the history-dependent shift in drift accounted for individual differences in choice

repetition (Figure 4).

§.2.2% HISTORY-DEPENDENT ACCUMULATION BIAS EXPLAINS INDIVIDUAL CHOICE REPETITION BE-

HAVIOR IRRESPECTIVE OF PREVIOUS CHOICE OUTCOME

In four out of six tasks, participants received explicit outcome feedback (correct, error) after each choice.
Itis possible that participants experienced positive feedback as rewarding and (erroneously) assumed that
a rewarded choice is more likely to be rewarded on the next trial. Manipulations of reward (probability
or magnitude) have been found to change starting point [259—261], but might also bias drift [262-264].
Given that there were far more correct (i.e. rewarded) choices than errors, the history-dependent drift
bias could reflect the expectation of reward for the choice that was correct on the previous trial.

Two findings refute this idea. First, the same result holds in the two datasets without single-trial out-
come feedback (Figure 4a, bottom row), implying that external feedback is not necessary for history shifts
in drift bias. Second, we found similar results when separately estimating the model parameters (history
shift in starting point and drift bias) and model-free measures (choice repetition probability) after both
correct and error trials (Figure sa). Across datasets, individual repetition probability was best explained
by history shifts in drift bias, not starting point, after both correct (Figure sb) and error (Figure sc) trials.
Thus, even erroneous choices bias evidence accumulation on the next trial, in the same direction as cor-
rect choices. Indeed, most participants were predominantly biased by their previous choice (95 ‘stay’, 30
‘switch’), while a third was biased by a combination of the previous choice and its correctness (26 ‘win-stay
lose-switch’, 42 ‘win-switch lose-stay’; Figure 2c).

Correlations tended to be smaller for previous erroneous choices. However, directly comparing the
correlation coefficients between post-correct and post-error trials (after subsampling the former to en-
sure equal trial numbers per participant) did not allow us to refute nor confirm a difference (Figure sd).
In sum, history-dependent drift biases did not require external feedback about choice outcome and were
predominantly induced by the previous choice. These choice history-dependent biases in evidence accu-
mulation were accompanied by effects on drift rate and boundary separation (Figure 4 — Figure Supple-

ment 4), in line with previous work on post-error slowing [225, 234, 265].

5.2.3 ACCUMULATION BIAS CORRELATES WITH SEVERAL PAST CHOICES

Does the history shift in evidence accumulation depend on events from one past trial only? Recent work
has exposed long-lasting choice history biases that span several trials and tens of seconds [125, 208, 266].
We thus estimated the influence of past events on the evidence accumulation process in a more compre-
hensive fashion. We fit a family of models in which correct and incorrect choices from up to six previous
trials were used as predictors, and estimated their contribution to current starting point and drift bias (see
Materials and Methods).
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Inclusion of further lags improved the model’s ability to account for the data, up to a lag of 2-4 after
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which model fits (A AIC) began to deteriorate (Figure 6 — Figure Supplement 1). In 4/6 datasets, the
best-fitting model contained only history-dependent changes in drift, not starting point, over a scale of
the previous 2-4 trials. In the other two datasets, the best-fitting model was a hybrid where both drift
and starting point varied as a function of choice history, up to 2 to trials into the past (Figure 6 — Figure
Supplement 1). We computed “history kernels” across the different lags, separately for starting point and
drift bias. These are analogous to the kernels obtained from a history-dependent regression analysis of the
psychometric function that ignores decision time [228], and which have been widely used in the recent
literature on choice history biases [125, 208, 228]. To interpret these group-level kernels in light of sub-
stantial individual variability, we expressed each regression weight with respect to individual repetition
probability at lag 1 (i.e. switching the sign for alternators; see Materials and Methods).

Previous choices shifted drift bias in line with individual history bias, across several trials whereas start-
ing point does not consistently shift in the direction of history bias. The hybrid models showed that the
effect of choice history on drift bias decayed over approximately 3 past trials (Figure 6a), with a slower
decay than for starting point (Figure 6a). The regression weights for past trials (from lag 2 through each
dataset’s best-fitting lag) for drift bias — but not starting point — significantly correlated with the proba-
bility of repeating past choices at these same lags (Figure 6b). This was true after both correct and error
trials (Figure 6b), similarly to the effects at lag 1 (Figure sb-c).

In sum, the biasing effect of choice history on evidence accumulation is long-lasting (longer than the
effects on starting point), dependent on preceding choices several trials into the past, but independent of
their correctness. This analysis corroborates the previous findings from our simpler models focusing on
only the preceding trial and further dissociate the effects of choice history on starting point and evidence

accumulation.

5.2.4 HiSTORY-DEPENDENT ACCUMULATION BIAS EXPLAINS INDIVIDUAL CHOICE REPETITION BE-

HAVIOR IRRESPECTIVE OF SPECIFICS OF BOUNDED-ACCUMULATION MODELS

We next set out to test the generality of our conclusions and gain deeper mechanistic insight into the na-
ture of the dynamic (i.e., time-increasing) bias. We used a variety of bounded-accumulation models with
more complex dynamics than the standard DDM. We focused on the preceding trial only, which our pre-
vious analyses had identified as exerting the same effect on history bias as the longer lags (Figure 6). These
models included variants of the DDM (i.e. a perfect accumulator) with more complex dynamics of the
bias or the decision bounds, as well as variants of a leaky accumulator [53, 68, 267]. We focused on the Vi-
sual motion 2AFC (FD) dataset because it entailed small random dot stimuli (diameter s° of visual angle),
leading to large within- and across-trial fluctuations in the sensory evidence which we estimated through
motion energy filtering [210, 268]; Supplementary Figure 7a,b). These fluctuating motion energy esti-
mates were used as time-varying sensory input to the models, providing key additional constraints over
and above nominal sensory evidence levels, choices and RT distributions [68].

We first re-fit the standard DDM with the two biasing parameters allowed to vary with previous choice
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Figure 6: Choice history affects drift bias over multiple trials. (a) History kernels, indicating different parameters’ tendency to go in the
direction of each individual’s history bias (i.e. sign-flipping the parameter estimates for observers with P(repeat) < 0.5). For each dataset,
regression weights from the best-fitting model (lowest AIC, Figure 6 - Figure Supplement 1) are shown in thicker lines; thin lines show the
weights from the largest model we fit. Black errorbars show the mean +- s.e.m. across models, with white markers indicating timepoints
at which the weights are significantly different from zero across datasets (p < 0.05, FDR corrected. Black lines show an exponential fit
V(t) = Ae™ " to the average data. (b) Correlations between individual P(repeat) and regression weights, as in Figure 5b-c. Regression
weights for the history shift in starting point and drift bias were averaged from lag 2 until each dataset’s best-fitting lag. P(repeat) was
corrected for expected repetition at longer lags given individual repetition, and averaged from lag 2 to each dataset’s best-fitting lag.
Ap quantifies the degree to which the two DDM parameters are differentially able to predict individual choice repetition, p-values from
Steiger’s test. The black diamond indicates the mean correlation coefficient across datasets. The Bayes factor (BF4o) quantifies the relative
evidence for the alternative over the null hypothesis, with values < 1 indicating evidence for the null hypothesis of no correlation, and >
1 indicating evidence for a correlation.

(see Figure 1), now using single-trial motion energy estimates and a non-hierarchical fitting procedure
(see Methods). This made these fits directly comparable to both the hierarchical fits in Figures 3-4, and
the more complex models described below. As expected (Figure 3a), the data were better explained by a
history-dependent bias in the drift, rather than the starting point (Figure 7br). In these non-hierarchical
fits, the hybrid DDM (i.e. both bias terms free to vary as a function of previous choice) lost against the
drift bias-only model (indicated by its higher AIC). Yet the hybrid model allowed for a direct comparison
of the correlations between these (jointly fit) bias parameters and individual choice repetition probabil-
ity. As in our previous analysis (Figure 4), individual choice repetition probability was more strongly

predicted by drift than starting point bias (Figure 6c).

A previous study of reward effects on speeded decisions reported that reward asymmetries induced
supra-linear bias dynamics [263]. Temporal integration of a constant drift bias produces a linearly grow-
ing effective bias in the decision variable (Figure 1b), whereas integration of a ramping drift bias produces
a supra-linear growth of effective bias (Figure 7a, left). In our data, a standard DDM with constant drift

bias provided a better fit than DDMs with either a ramping drift bias, or a combination of constant and
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ramping drift bias (Figure 7b2). Furthermore, in the latter (hybrid) model, the constant drift bias pre-
dicted individual choice repetition behavior better (Figure 7c2), in line with the constant accumulation
bias inferred from the standard DDM fits. For the fits shown in Figure 7b2/c2, we used the same proto-
col as for the standard DDM, in which the time-varying sensory evidence fluctuations during stimulus
presentation were replaced by their average over time to compute a single-trial drift rate (called ‘default
protocol’, Methods section Extended bounded accumulation models: General assumptions and proce-
dures). The same qualitative pattern of results also held for another fitting protocol (‘dynamic protocol’,
see Methods), in which the time-varying sensory evidence was fed into the integrator (A AIC relative to
no-history model: -1103, -98s, -99s, for constant drift bias, ramping drift bias, and hybrid, respectively; cor-
relation with P(repeat): r(30) = 0.5458, p = 0.0012; 1(30) = 0.3600, p = 0.0429 for constant and ramping

drift bias, respectively). We next used this dynamic protocol for a set of more complex dynamical models.

It has been proposed that decision bounds might collapse over time, implementing an ‘urgency signal’
(Figure 6a, middle; [269, 270]). Indeed, adding collapsing bounds substantially improved our model fits
(Figure 7b3). This indicates the presence of a strong urgency signal in this task, which had a relatively
short stimulus presentation (750 ms) and a tight response deadline (1.25 s after stimulus offset). Critically,
a history-dependent drift bias best fit the data (Figure 7b3) and captured individual choice repetition
behavior (Figure 7c3) also in the DDM with collapsing bounds. In other words, while there is evidence for
collapsing bounds in this dataset, our conclusion about the impact of history bias on decision formation

does not depend on its inclusion in the model.

In the brain, a neural representation of the momentary sensory evidence feeds into a set of accumu-
lators. These consist of circuits of excitatory and inhibitory populations of cortical neurons, which give
rise to persistent activity and competitive winner-take-all dynamics [s3, 271]. Under certain parameter
regimes, these circuit dynamics can be reduced to lower-dimensional models [18, 144]. In such models,
the effective accumulation time constant 1 /4 (with 4 being effective leak) results from the balance of leak
within each accumulator (due to self-excitation and passive decay) and mutual inhibition between two
accumulators encoding different choices [53]. Evidence accumulation can then be biased through an in-
ternal representation of the sensory input or through the way this sensory representation is accumulated
(Figure 7a, right). We here used a reduced competing accumulator model, where the decision variable was
computed as the difference of two leaky accumulators [68, 267, 272] to compare these two accumulation

biases and a biased accumulator starting point.

We fita family of bounded, leaky accumulator models, in which the starting point of the accumulators,
their input, or their effective leak A could be biased as a function of previous choice (Figure 7a, right).
Note that a bias of the accumulator starting point would also translate into an accumulation bias, due to
the model dynamics (see Methods section Extended bounded accumulation models: General assumptions
and procedures). Even so, comparing this regime with other two biasing mechanism was informative. Also
note that we here use the term ‘leaky accumulator model’ to denote that the model dynamics consisted

of a free effective leak parameter I, without implying that 4 < o (corresponding to activation decay). Our
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fits allowed 4 to take either negative (‘forgetful’ regime) or positive (‘unstable’ regime) values (Figure 7 —
Figure Supplement 1d; see also [68]). Critically, in order to test for choice history-dependent accumula-
tion bias, we allowed A of each accumulator to vary as a function of the previous choice, before computing
the difference between the two accumulator activations. Choice-history dependent biases in accumulator
starting point or accumulator input were directly applied to the accumulator difference (akin to starting
point and drift bias within the DDM). Due to the simplicity of its dynamics, the DDM cannot distin-
guish between input and leak bias. Indeed, when simulating behavior of leaky accumulator models with
either of these two accumulation biases and fitting it with the DDM, both input and 4, loaded onto
DDM drift bias (Figure 7 — Figure Supplement 3). Critically, the leaky accumulator with biased accu-
mulator input best explained the data, among all the models considered (Figure 7b4). Furthermore, the
individually estimated input bias predicted individual choice repetition (Figure 7c4). This suggests that
choice history might specifically bias the internal representation of the sensory evidence feeding into the

evidence accumulation process.

5.2.5 DYNAMICS OF EFFECTIVE BIAS SIGNAL APPROXIMATES RATIONAL COMBINATION OF PRIOR

INFORMATION CURRENT EVIDENCE

Taken together, fits and simulations of more complex models provide additional insight into the mecha-
nism underlying choice history bias. They also corroborated the conclusion that choice history biases are
mediated by a biased accumulation of evidence, rather than a biased starting point. As a final step, we esti-
mated the time course of the effective bias, computed as the fraction of cumulative bias signal and bound
height [273]. We simulated this signal based on the group average parameters for the best-fitting DDM
and leaky accumulator models (Figure 7d). In the DDM and leaky accumulator (both with collapsing
bound), the effective bias accelerated (Figure 7d).

The reader may notice that these (supra-linear) effective bias dynamics are similar to those predicted
by the DDM with a ramping drift bias (Figure 7a, left). Thus, the observation that the latter model lost
by a wide margin against the two models with more complex dynamics (Figure 7b, see also Materials
and Methods) is likely due to features of the data other than the (relatively small) selective history bias.
Specifically, the RT distributions were strongly shaped by the urgency signal incorporated by the bound
collapse. In the overall best-fitting model (leaky accumulator with collapsing bounds and input bias,
Figure 7bs), this effective bias depends on the combined effect of two non-linear signals: (i) the cumulative
bias resulting from the accumulation of biased input and (ii) the hyperbolically collapsing bound. In the
current fits, the effective bias was dominated by the strong bound collapse, but in different circumstances
(with weaker urgency signal and for 4 < o), a biased input leaky accumulator can produce a decelerating
effective bias. Combination of a biased input with some starting point and or leak bias can further change
the dynamics. The key observation is that, regardless of the modeling framework used, we identified an
effective bias signal that grew steadily throughout decision formation, in line with the main conclusion
drawn from the basic fits of the standard DDM.
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Figure 7: Extended dynamic models of biased evidence accumulation. (a) Model schematics. See main text for details. In the third panel
from the left, the stimulus-dependent mean drift is shown in black, overlaid by the biased mean drift in color (as in Figure 1a,b). (b) AIC
values for each history-dependent model, as compared to a standard (left) or dynamic (right) DDM without history. The winning model
(lowest AIC value) within each model class is shown with a black outline. In 3-4, the dashed line indicates the AIC value of the standard
DDM without history that is the baseline in 1-2. (c) Correlation (Spearman’s p) of parameter estimates with individual repetition behavior,
as in Fig. 4b. Error bars, 95% confidence interval. *** p < 0.0001, ** p < 0.01, n.s. p > 0.05. (d) Within-trial time courses of effective bias
(cumulative bias as a fraction of the decision bound) for the winning DDM and leaky accumulator models. Effective bias time courses are
indistinguishable between both dynamical regimes A < 0 and A > 0) and are averaged here.

Our results are in line with the idea the impact of choice history bias on decision formation grows as
a function of elapsed time. Because prior information (here: about theprevious choice) does not change
over time, this observation might be surprising. Yet, previous work hasidentified a principled rationale for
such a time-dependent combination of prior and evidence. When evidence reliability changes from trial
to trial, prior information (bias) should be weighted more strongly when sensory evidence is unreliable
(273, 274]. This can be achieved by increasing the weight of the prior throughout the trial, using elapsed
time as a proxy for evidence reliability. This prediction was confirmed experimentally for explicit manip-
ulations of prior probability of the choice options [273]. Indeed, within the framework of the DDM,
this way of combining prior information with current evidence maximizes reward rate [274, 275]. Only
when evidence reliability is constant across trials should prior information be incorporated as a static bias

(i.e., starting point). Evidence reliability likely varied from trial to trial across all our experiments [274],
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due to variations in the external input (i.e., mean drift rate in the DDM), originating from stochastically
generated stimuli, or internal factors (i.e., drift rate variability in the DDM), such as the inherent vari-
ability of sensory cortical responses [69, 276]. In particular, the dataset from Figure 7 entailed strong
trial-to-trial variations in the external input (Figure 7 — Figure Supplement ). Thus, the dynamics of the
effective bias signal uncovered in Figure 7d suggest that participants combined prior information with

current evidence in a rational fashion.

5.3 DiscussioN

Quantitative treatments of perceptual decision-making commonly attribute trial-to-trial variability of
overt choice to noise in the decision computation [3, 5, 277]. Those accounts typically assume that sys-
tematic decision biases remain constant over time. Instead, the choice history biases studied here vary con-
tinuously over the course of the experiment, as a function of the previous choices (and choice outcome
information). Our current results indicate that choice history explains trial-to-trial variability specifically
in evidence accumulation, in a number of widely used perceptual choice tasks. Ignoring such trial-to-trial
variations will lead to an overestimation of the noise in the evidence accumulation process and resulting
behavior.

History biases in perceptual choice have long been known in perceptual psychophysics [14] and neuro-
science [229]. However, the underlying dynamical mechanism has remained elusive. We here show that
individual differences in overt choice repetition behavior are explained by individual differences in the
degree to which choices bias the evidence accumulation, not the starting point, of subsequent decisions.
This accumulation bias is associated with choices made several trials into the past, and it grows steadily
as the current decision unfolds. This insight calls for a revision of current models of choice history biases
[239, 240].

It is instructive to relate our results with previous studies manipulating the probability of the occur-
rence a particular category (i.e., independently of the sequence of categories) or the asymmetry between
rewards for both choices. Most of these studies explained the resulting behavioral biases in terms of start-
ing point shifts [244, 249, 260, 261, 278], but only for decisions without time pressure [263]. Yet, one
study with variations of evidence strength found an effect of asymmetric target probability on accumu-
lation bias [2773] similar to the one we here identified for choice history. In all this previous work, biases
were under experimental control: Probability or reward manipulations were signaled via explicit task in-
structions or single-trial cues (in humans) or block structure (in animals). By contrast, the choice history
biases we studied here emerge spontaneously and in an idiosyncratic fashion (Figure 2¢), necessitating our
focus on individual differences.

Our modeling addressed the question of how prior information is combined with new evidence dur-
ing decision formation (see in particular the section Dynamics of effective bias signal approximates rational
combination of prior information with current evidence). But why did participants use choice history as a

prior for their decisions? In all our experiments, the sensory evidence was uncorrelated across trials — as
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is the case in the majority of perceptual choice tasks used in the literature. Thus, any history bias can only
reduce performance below the level that could be achieved, given the observer’s sensitivity. It may seem
irrational that people use history biases in such settings. However, real-world sensory evidence is typically
stable (i.e., auto-correlated) across various timescales [239]. Thus, people might (erroneously) apply an
internal model of this environmental stability to randomized laboratory experiments [239], which will
push them towards choice repetition or alternation [241]. Indeed, people flexibly adjust their choice his-
tory biases to environments with different levels of stability [208, 241, 279], revealing the importance of
such internal models on perceptual decision-making. In sum, with our conclusions from the time course
of the effective bias signal, these considerations suggest that participants may have applied a rational strat-

egy, but based on erroneous assumptions about the structure of the environment.

While we found that choice history-dependent variations of accumulation bias were generally more
predictive of individual choice repetition behavior, the DDM starting point was consistently shifted away
from the previous response for a majority of participants (i.e., negative values along x-axis of Figures 4a).
This shift was statistically significant in 3 out or 6 datasets (Figure 4 — Figure Supplement sa), and might
explain the advantage of the dual parameter model over the pure drift-bias model in our model compar-
isons (Figure 3a). The starting point shift may be due to at least two scenarios, which are not mutually
exclusive. First, it might reflect a stereotypical response alternation tendency originating from dynam-
ics in motor cortex — for example, a post-movement “rebound” of beta-band oscillations [280]. Indeed,
previous work found that beta rebound is related response alternation in a perceptual choice task, which
precluded (in contrast to our tasks) motor planning during evidence accumulation [233]. This stereotyp-
ical response alternation tendency (via starting point) may have conspired with the more flexible history
bias of evidence accumulation (via drift) to shape overall choice behavior. Because starting point shifts will
predominantly contribute to fast decisions, this scenario is consistent with the average choice alternation
tendency we observed for RTs < 60oms (Figure 4 — Figure Supplement sc). Because the response alter-
nation tendency in motor cortex is likely to be induced only by the immediately preceding response, this
scenario is also consistent with the shorter timescales we estimated for the starting point effects (1.39 tri-
als) than the drift rate effects (2.38 trials; Figure 6a, black exponential fit lines). Second, the starting point
shift may also reflect decision dynamics more complex than described by the standard DDM: non-linear
drift biases (Figure 7 — Figure Supplement 2, third column) or biases in the leak of decision accumula-
tors (Figure 7 — Figure Supplement 3, third column). Both give rise to opposite effects on drift bias and
starting point bias when fit with the standard DDM, thus yielding negative correlations between DDM
starting point and drift bias estimates. Such negative correlations were present in our data, but weak
and not statistically significant (Spearman’s rho -0.4130 to -0.0757, combined BF,, 0.0473). It is possible
that both of the scenarios discussed here conspired to yield the starting point effects observed in model
comparisons and individual parameter estimates. Future work is needed to illuminate this issue, for ex-
ample through manipulating decision speed and/or the delays between subsequent motor responses, and

modeling choice-related neural dynamics in the motor cortex.
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We propose that choice history biases evidence accumulation, but there are alternative scenarios. First,
it is possible that participants’ choices were due to computations altogether different from those incor-
porated in the bounded accumulation models assessed here. All our models imply simple neural accu-
mulators with persistent activity. At least on a subset of trials, participants may make fast guesses [281],
or engage in automatic decision processing [282, 283] or post-accumulation biases [284]. Also, the de-
cision computation may entail noise-driven attractor dynamics [271, 285] possibly with sudden ‘jumps’
between neural activity states [286], instead of linear accumulation to a threshold level. Even if the accu-
mulation dynamics postulated in our models cannot be reduced to the dynamics of single neurons, the
history-dependent accumulation bias we inferred here would constitute a valid description of the collec-
tive computational properties of the neural system producing choice behavior. Second, within bounded
accumulation models, any directed change in the decision variable can be mimicked by some selective (i.c.
asymmetric) change in one of the decision bounds. For example, in simulations we find that combining
the DDM with a linearly collapsing bound for the favored choice and a linearly expanding bound for the
other choice has the same effect on choice fractions and RT distributions as a drift bias (data not shown).
We are not aware of any empirical evidence for such asymmetric changes in decision bounds. Decision-
related cortical ramping activity seems to always reach a fixed level just before motor response, irrespective
of prior probabilities [273] or speed-accuracy trade-ofts [42, 273]. Instead, the build-up of this activity is

biased by prior information [273].

A plausible mechanism underlying the choice history-dependent shift in accumulation bias is a bias of
the neural representations of the sensory evidence towards (or away from) a previously selected category
[210, 235, 287]. This is precisely the ‘input bias’ scenario entailed in our best fitting model (Figure 7). The
primate brain is equipped with powerful machinery to bias sensory representations in a top-down fash-
ion [288,289]. In the laboratory, these top-down mechanisms have been probed by explicitly instructing
subjects to shift their attention to a particular sensory feature or location. Such instructions induce biased
activity states in regions of prefrontal and parietal association cortex, which are propagated down the cor-
tical hierarchy to sensory cortex via selective feedback projections, where they boost the corresponding
feature representations and suppress other feature representations [288]. The same prefrontal and pari-
etal regions accumulate sensory evidence towards choices and seem to carry choice history signals. It is
tempting to speculate that choice history signals in these regions cause the same top-down modulation
of sensory cortex as during explicit manipulations of attention. In other words, agents’ choices might be
one factor directing their top-down attention under natural conditions, in a way analogous to explicit
attention cues in laboratory tasks. An alternative, but related possibility is that the direction of selective
attention fluctuates spontaneously during the course of a perceptual choice experiment, preferentially
sampling features supporting one choice for a streak of trials, and then switching to sampling support for
the other category. The corresponding top-down modulations would bias evidence accumulation and
choice in a serially correlated fashion. These ideas are not mutually exclusive and can be tested by means

of multi-area neurophysiological recordings combined with local perturbations.
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A growing body of evidence points to the interplay of multiple timescales for neural computation in
the primate cortex. One line of behavioral work has revealed effective (within-trial) evidence accumula-
tion over timescales ranging from a few hundred milliseconds [252, 253] to several seconds [43, 132, 290].
Another line, including the current study, revealed the slow accumulation of internal decision variables
or external outcome information across trials (tens of seconds) to build up time-varying biases, or priors
(13, 208, 232, 291]. Relatedly, neurophysiological work on ongoing activity has inferred multiple, hier-
archically organized, timescales in different cortical regions [238, 292—295]. The history-dependent ev-
idence accumulation biases we have uncovered here might index the interplay between these different
effective timescales with long-timescale accumulators at higher stages biasing short-timescale accumula-

tors at intermediate stages of the cortical hierarchy.

5.4 MATERIALS AND METHODS

5-4.1 DATASETS: BEHAVIORAL TASKS AND PARTICIPANTS

We analyzed six different datasets, four of which were previously published. These spanned different
modalities (visual or auditory), decision-relevant sensory features (motion direction, contrast, tone pres-
ence, motion coherence), and tasks (detection or discrimination). In each dataset, the number of partic-
ipants was determined to allow for robust estimation of the original effects of interest. No participants
were excluded from the analyses.

Those tasks where the decision-relevant sensory evidence was presented until the observer generated
a response were called response time (RT) tasks; those tasks where the sensory evidence is presented for
a fixed duration, and its offset cues the observer’s response, were called fixed duration (FD) tasks in line
with the terminology from [296]. These two protocols have also been termed ‘free response protocol’ and
‘interrogation protocol’ [18]. In all datasets, stimulus strength (i.e., decision difficulty) was kept constant,
or varied systematically across levels, within all main experimental sessions that were used for fitting the

DDM.

2AFC VISUAL MOTION DISCRIMINATION TASK (RT)  These data were previously published [34],
and are available athttps://doi.org/10.5061/dryad. tb542. The study was approved by the ethics
committee of the Leiden University Cognitive Psychology department, and all subjects provided written
informed consent prior to taking part. Twenty-six observers (22 women and 4 men, aged 18-29) per-
formed a motion direction (left vs. right) discrimination task. Stationary white dots were presented on a
black screen for an interval of 4.3-5.8 s. After this fixation interval, the decision-relevant sensory evidence
was presented: some percentage of dots (the ‘motion coherence’ level) moved to the left or the right. The
coherence was individually titrated to yield an accuracy level of 85% correct, estimated from a psychomet-
ric function fit, before the start of the main experiment, and kept constant afterwards. The moving dots

were presented until observers indicated their choice with a button press. After the response, the fixation
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cross changed color for 700 ms to indicate single-trial feedback. Each observer performed soo trials of the

task (one session). We refer to this task as “Visual motion 2AFC (RT)’.

2AFC VISUAL MOTION DISCRIMINATION TASK (FD)  Thirty-two participants (aged 19-35 years, 43
women and 21 men) participated in the study after giving their informed consent. The experiment was
approved by the ethical review board of the University Medical Center Hamburg-Eppendorf (PV4714).
Observers performed a fixed duration version of the random dot motion discrimination (up vs. down)
task in the MEG scanner. White dots were displayed on a grey background screen, with a density of 6
dots/degree2, resulting in 118 dots on the screen at each frame. The stimuli were confined to a circle of
2.5° radius, which was placed in the lower half of the visual field at 3.5° from the fixation. After a fixation
interval of 0.75-1.5s, random dot motion stimuli (o, 3, 9, 27 or 81% motion coherence) were displayed
for 750 ms. Signal dots moved with a speeds of 11.5 degree/s, and noise dots were randomly displaced
within the circle on each frame. We used the single-trial dot coordinates to construct time courses of
fluctuating external evidence (see Methods section Motion energy filtering and psychophysical kernels;
Figure 7 — Figure Supplement 1a-c). Observers received auditory feedback 1.5-2.5s after their response, and
the ISI started 2-2.5s after feedback. Observed performed 1782 trials over 3 sessions, in which the stimulus
transition probability varied (0.2, 0.5 or 0.8) between blocks of 99 trials. To maximize trial counts for the
non-hierarchical leaky accumulator fits, we here collapsed across blocks. We refer to this task as ‘Visual
motion 2AFC (FD)’.

2AFC VISUAL MOTION DISCRIMINATION 2]FC TASK (FD): DATA SET1  These data were previously
published in [125], and are available at http: //dx.doi.org/10.6084/m9. figshare.4300043. The
ethics committee at the University of Amsterdam approved the study, and all observers gave their in-
formed consent before participation. Twenty-seven observers (17 women and 10 men, aged 18-43) per-
formed a two-interval motion coherence discrimination task. They viewed two consecutive intervals of
random dot motion, containing coherent motion signals in a constant direction towards one of the four
diagonals (counterbalanced across participants) and judged whether the second test interval (variable co-
herence) contained stronger or weaker motion than the first reference (constant coherence) interval. After
a fixation interval of 0.5-15, they viewed two consecutive intervals of soo ms each, separated by a delay of
300-700 ms. The decision-relevant sensory evidence (i.e., the difference in motion coherence between in-
tervals), was chosen pseudo-randomly for each trial from the set (0.625, 1.25, 2.5, 5, 10, 20, 30%). Observers
received auditory feedback on their choice after a delay of 1.5-2.55. After continuing to view noise dots for
2-2.5 s, stationary dots indicated an inter-trial interval. Observers self-initiated the start of the next trial
(range of median inter-trial intervals across observers: 0.68-2.05 s). Each observer performed 2500 trials

of the task, divided over five sessions. We refer to this task as “Visual motion 2IFC (FD) #r.

2AFC VISUAL MOTION DISCRIMINATION 2IFC Task (FD): DATA SET 2 Sixty-two participants

(aged 19-35 years, 43 women and 19 men) participated in the study after screening for psychiatric, neuro-
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logical or medical conditions. All subjects had normal or corrected to normal vision, were non-smokers,
and gave their informed consent before the start of the study. The experiment was approved by the ethical
review board of the University Medical Center Hamburg-Eppendorf (PV4648). Observers performed s
sessions, of which the first and the last took place in the MEG scanner (600 trials divided over 10 blocks
per session) and the three sessions in between took place in a behavioral lab (1500 trials divided over 15
blocks per session). The task was as described above for “Visual motion 2IFC (FD) #1’, with the following
exceptions. The strength of the decision-relevant sensory evidence was individually titrated to an accuracy
level of 70% correct, estimated from a psychometric function fit, before the start of the main experiment
and kept constant for each individual throughout the main experiment. Each stimulus was presented for
750 ms. In the MEG sessions, auditory feedback was presented 1.5-3 s after response, and an inter-trial
interval with stationary dots started 2-3 s after feedback. Participants initiated the next trial with a button
press (across-subject range of median inter-trial interval duration: 0.64 to 2.52 s, group average: 118 s). In
the training sessions, auditory feedback was presented immediately after the response. This was followed
by an inter-trial interval of 15, after which the next trial started. In this experiment, three sub-groups of
observers received different pharmacological treatments prior to each session, receiving placebo, atomox-
etine (a noradrenaline reuptake inhibitor), or donepezil (an acetylcholinesterase inhibitor). These groups
did not differ in their choice history bias and were pooled for the purpose of the present study (Figure 4
— Figure Supplement 2). We refer to this task as “Visual motion 2IFC (FD) #2”.

VISUAL CONTRAST YES/NO DETECTION TASK (RT) These data were previously published [40],
and are available at https://doi.org/10.6084/m9. figshare.4806559. The ethics committee of
the Psychology Department of the University of Amsterdam approved the study. All participants took
part after giving their written informed consent. Twenty-nine observers (14 women and 15 men, aged
18—38) performed a yes/no contrast detection task. During a fixation interval of 4-6 seconds, observers
viewed dynamic noise (a binary noise pattern that was refreshed each frame, at 100 Hz). A beep indicated
the start of the decision-relevant sensory evidence. On half the trials, a vertical grating was superimposed
onto the dynamic noise; on the other half of trials, only the dynamic noise was shown. The sensory ev-
idence (signal+noise or noise-only) was presented until the observers reported their choice (yes, grating
was present; or no, grating was absent), or after a maximum of 2.ss. The signal contrast was individually
titrated to yield an accuracy level of 75% correct using a method of constant stimuli before the main ex-
periment, and kept constant throughout the main experiment. Observers performed between 480—800
trials over 6-10 sessions. Six observers in the original paper [40] performed a longer version of the task
in which they also reported their confidence levels and received feedback; these were left out of the cur-

rent analysis, leaving twenty-three subjects to be included. We refer to this task as ‘Visual contrast yes/no

(RT).

AUDITORY TONE YES/NO DETECTION TASK (RT)  These data were previously published [33], and
are available at https://doi.org/10.6084/m9.figshare.4806562. All subjects gave written in-
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formed consent. The ethics committee of the Psychology Department of the University of Amsterdam
approved the experiment. Twenty-four observers (20 women and 4 men, aged 19-23) performed an audi-
tory tone detection task. After an inter-trial interval of 3-4 seconds, decision-relevant sensory evidence was
presented: on half the trials, a sine wave (2 KHz) superimposed onto dynamic noise (so-called TORCS;
[76]) was presented; on the other half of trials only the dynamic noise was presented. The sensory evi-
dence was presented until the participant reported their choice button press or after a maximum of 2.ss.
No feedback was provided. Each individual’s signal volume was titrated to an accuracy level of 75% cor-
rect using an adaptive staircase procedure before the start of the main experiment, and kept constant
throughout the main experiment. Participants performed between 1320 and 1560 trials each, divided over

two sessions. We refer to this task as ‘Auditory yes/no (RT)’.

S-4.2 MODEL FREE ANALYSIS OF SENSITIVITY AND CHOICE HISTORY BIAS

We quantified perceptual sensitivity in terms of signal detection-theoretic d’ [24]:

d =0 '(H) — ®'(FA) (1)

where @ was the normal cumulative distribution function, H was the fraction of hits and F4 the frac-
tion of false alarms. In the 2AFC and 2IFC datasets, one of the two stimulus categories was arbitrarily
treated as signal absent. Both H and FA were bounded between o.001 and 0.999 to allow for computa-
tion of d” in case of near-perfect performance [297]. We estimated d’ separately for each individual and,
for the two datasets with varying difficulty levels, for each level of sensory evidence.

We quantified individual choice history bias in terms of the probability of repeating a choice, termed
P(repeat), regardless of the category of the (previous or current) stimulus. This yielded a measure of
bias that ranged between o (maximum alternation bias) and 1 (maximum repetition bias), whereby o.5

indicated no bias.

5.4.3 CONDITIONAL BIAS FUNCTIONS

For each variant of the model and each dataset, we simulated data using the best-fitting parameters. Specif-
ically, we simulated 100 responses (choices and RTs) for each trial performed by the observers. These pre-
dicted patterns for the ‘baseline model’ (without history-dependent bias parameters) were first used to
compare the observed and predicted patterns of choices and RTs (Figure 3 — Figure Supplement 2).

We also used the simulated data, as well as the participants’ choices and RTs, to visualize specific features
in our data that distinguish the different biased models [255]. Specifically, we computed conditional bias
functions [249] that visualize choice history bias as a function of RTs. Each choice was recoded into a
repetition (1) or alternation (o) of the previous choice. We then expressed each choice as being either in
line with or against the observer’s individual bias (classified into ‘repeaters’ and ‘alternators’ depending on

choice repetition probability). Note that given the transformation of the data (sign-flipping the bias data

171



for alternators in order to merge the two groups), the fact the average P(bias) > o.s is trivial, and would
occur for any generative model of history bias. Conditional bias functions instead focus on the effect
of choice history bias as a function of time within each trial, the shape of which distinguishes between
different bias sources (Figure 1c).

To generate these conditional bias functions, we divided each (simulated or real) observer’s RT distri-
bution into five quantiles (0.1, 0.3, 0.5, 0.7 and 0.9) and computed the fraction of biased choices within
each quantile. The shape of the conditional bias functions for models with z and vbias confirm that z
predominantly produces biased choices with short RTs, whereas vbias leads to biased choices across the

entire range of RTs (Figure 3b).

5.4.4 DRIFT DIFFUSION MODEL (DDM) FITS

GENERAL This section describes the general DDM, with a focus on the biasing mechanisms de-
scribed in Results and illustrated in Figure 1 [25]. Ignoring non-decision time, drift rate variability, and
starting point variability (see below), the DDM describes the accumulation of noisy sensory evidence as

follows:

dy=s-v-dt+cdW (2)

where y is the decision variable (gray example traces in Figure 1), s is the stimulus category (coded as
[—1,1]), v is the drift rate, and cdW is Gaussian distributed white noise with mean 0 and variance cdt
[18]. In an unbiased case, the starting point of the decision variably y(0) = z, is situated midway between

the two decision bounds 0 and a:

y(0)=z=< (3)

where a is the separation between the two decision bounds. A bias in the starting point is implemented

by an additive offset z4s from the midpoint between the two bounds (Figure 1a):

a
y(O) =z= 5 + Zpias (4)

A drift bias can be implemented by adding a stimulus-independent constant V4, also referred to as
drift bias [25], to the (stimulus-dependent) mean drift (Figure 1b). This adds a bias to the drift thatlinearly

grows with time:

dy = (5 V+ Vpigs)dt + cdW (s)

We allowed both bias parameters to vary as a function of observers’ previous choice, to test their relative
contributions to the individual differences in overt choice history biases. These two biasing mechanisms

result in the same (asymmetric) fraction of choices, but they differ in terms of the resulting shapes of RT

172



distributions (Figure 1). In previous work, zp;,s and vp;qs have also been referred to as ‘prior’ and ‘dynamic’

bias [105] or judgmental’ and ‘perceptual’ bias [262].

EstimaTiING HDDM B1as PARAMETERS ~ We used hierarchical drift diffusion modeling as imple-
mented in the HDDM toolbox [77] to fit the model and estimate its parameters. As recommended by
the HDDM toolbox, we specified 5% of responses to be contaminants, meaning they arise from a process
other than the accumulation of evidence - for example, a lapse in attention [298]. We fit the DDM to RT
distributions for the two choice categories, conditioned on the stimulus category for each trial (s in eq.
2) — a procedure referred to as ‘stimulus coding’. This fitting method deviates from a widely used expres-
sion of the model, where RT distributions for correct and incorrect choices are fit (also called ‘accuracy
coding’). Only the former can fit decision biases towards one choice over the other.

First, we estimated a model without history-dependent bias parameters. Overall drift rate, boundary
separation, non-decision time, starting point, and drift bias were estimated for each individual (Figure
3 — Figure Supplement 1). Across-trial variability in drift rate and starting point were estimated at the
group-level only [112]. For the datasets including variations of sensory evidence strength (Visual motion
2AFC (FD) and Visual motion 2IFC (FD) #1), we separately estimated drift rate for each level of evidence
strength. This model was used to confirm that the DDM was able to fit all datasets well, and to serve as
a baseline for model comparison.

Second, we estimated three different models of history bias, allowing (i) starting point, (ii) drift or (iii)
both to vary as a function of the observer’s immediately preceding choice (thus capturing only so-called
first-order sequential effects; [243, 246]). The effect of the preceding choice on each bias parameter was
then termed its ‘history shift’. For example, for the visual motion direction discrimination task we sepa-
rately estimated the starting point parameter for trials following ‘left’ and ‘right’ choices. The difference
between these two parameters then reflected individual observers’ history shift in starting point, com-
puted such that a positive value reflected a tendency towards repetition and a negative value a tendency

towards alternation. The history shift in drift bias was computed in the same way.

HDDM REGRESSION MODELS ~ We estimated the effect of up to 6 previous stimuli and choices on
history bias usinga HDDM regression model. We first created a design matrix X with dimensions trials x
(2% lags), which included pairs of regressors coding for previous stimuli and choices (coded as —1,1), until
(and including) each model’s lag. Two distinct replicas of X were then used as design matrices to predict
drift bias (X,) and starting point (X;). Drift bias was defined asv ~ 1 + s + X, where 1 captured an
overall bias for one choice over the other and s indicated the signed stimulus strength. Starting point was
defined asz ~ 1 + X, with a logistic link function #(

After fitting, parameter estimates were recombined to reflect the effect of previous correct (choice +
stimuli) or error (choice — stimuli) trials. We sign-flipped the weight values for alternators (i.e. those
participants with a repetition tendency atlag one < o.5); this makes all the panels in Figure 6b interpretable

as a change in each parameter in the direction of individual history bias.
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HDDM FITTING PROCEDURES The HDDM [77] uses Markov-chain Monte Carlo sampling for
generating posterior distributions over model parameters. Two features of this method deviate from
more standard model optimization. First, the Bayesian MCMC generates full posterior distributions
over parameter estimates, quantifying not only the most likely parameter value but also the uncertainty
associated with that estimate. Second, the hierarchical nature of the model assumes that all observers
in a dataset are drawn from a group, with specific group-level prior distributions that are informed by
the literature (Figure 3 — Figure Supplement 1); [77]). In practice, this results in more stable parameter
estimates for individual subjects, who are constrained by the group-level inference. Note that we also
repeated our model fits with more traditional G2 optimization [298] and obtained qualitatively identical
results (Figure 4 — Figure Supplement 1a).

For each variant of the model, we ran 30 separate Markov chains with sooo samples each. Of those,
half were discarded as burn-in and every second sample was discarded for thinning, reducing autocorre-
lation in the chains. This left 1250 samples per chain, which were concatenated across chains. Individual
parameter estimates were then estimated from the posterior distributions across the resulting 37500 sam-
ples. All group-level chains were visually inspected to ensure convergence. Additionally, we computed
the Gelman-Rubin R statistic (which compares within-chain and between-chain variance) and checked
that all group-level parameters had an R between 0.98-1.0s.

Formal comparison between the different model variants was performed using the Akaike Information
Criterion [254]: AIC = —2L + 2k, where L is the total log likelihood of the model and k denotes the
number of free parameters. The AIC was computed for each observer, and summed across them. Lower
AIC values indicate a better fit, while taking into account the complexity of each model. A difference in
AIC values of more than 10 is considered evidence for the winning model to capture the data significantly
better. The conclusions drawn from AIC hold also when using the Deviance Information Criterion for

the hierarchical models.

5-4.5 MOTION ENERGY FILTERING AND PSYCHOPHYSICAL KERNELS

For the Visual motion 2AFC (FD) dataset, we used motion energy filtering (using the filters described in
[210]) to reconstruct the time-course of fluctuating sensory evidence over the course of each individual
trial, averaging over the spatial dimensions of the display (Figure 7 — Figure Supplement 1a,b). These
single-trial traces then served as the time-resolved input to a set of extended DDM and leaky accumulator
models (Figure 7). Specifically, filtering the stimuli at 60 Hz (the refresh rate of the LCD projector) re-
sulted in 45 discrete samples for the 750 ms viewing period of each trial. The first 13 samples of the motion
energy filter output (first 200 ms of the viewing interval) corresponded to the ‘rise time’ of the filter [252],
yielding outputs that were a poor representation of the actual motion energy levels (see also Figure 7 -
Figure Supplement 1a). In order to prevent those uninterpretable filter outputs from contributing, we
discarded the first 15 samples (250 ms) before model fitting (see below). Using constant interpolation, we

expanded the remaining 30 samples onto 150 samples, which, given that the simulation Euler step was s
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ms (dt = 0.005), corresponded to a 750 ms long input time series. In the model descriptions below we
denote the input time series with M = {M, : t € T}and T = {1,2, ..., 150}.

We also used these motion energy traces to construct so-called psychophysical kernels. Within each
stimulus identity (motion direction and coherence, excluding the easiest 81% coherence trials), we sub-
tracted the average motion energy traces corresponding to ‘up’ vs. ‘down’ choices. The resulting trace
represents the excess motion energy that drives choices, over and above the generative stimulus coherence

(Figure 7 — Figure Supplement 1c).

5.4.6 EXTENDED BOUNDED ACCUMULATION MODELS
GENERAL ASSUMPTIONS AND PROCEDURES

In the 2AFC (FD) visual motion experiment participants viewed the stimulus for 0.75 s (hereafter called
‘viewing period’) and could respond only after the stimulus offset. This required specifying the input
to the evidence accumulation process. In the models described below we used separate simulation proto-
cols, based on different assumptions about this input. In the ‘dynamic’ protocol, where the input was the
time-varying sensory evidence from each trial, the accumulation process was assumed to start at stimulus
onset, and responses could happen during the motion viewing interval. The average activity of the accu-
mulator(s) at stimulus offset served as input for accumulation during the post-offset period. For fitting
models using this protocol, empirical RTs were calculated relative to the stimulus onset. Motion energy
estimates were used as time-resolved input to the model.

By contrast, in the ‘default’ protocol, the motion energy fluctuations were averaged across the viewing
interval excluding the filter rise time (i.e., from 250 to 750 s after stimulus offset), and the average mo-
tion energy was then used as a single-trial drift rate for the accumulation process. In other words, the
accumulation-to-bound dynamics only took place during the post-offset period. Accordingly, when fit-
ting models with this protocol, the empirical RTs were calculated relative to stimulus offset. Using this
protocol was necessary for replicating our basic result from the standard DDM fits: For the ‘dynamic’ pro-
tocol, any starting point bias would turn into a drift bias because it would feed into accumulation process
after stimulus offset, precluding the comparison between the two forms of bias. Thus, we used only the
default protocol for the standard DDM fits, which aimed at differentiating between starting point and ac-
cumulation biases. For comparison, we also used the same simulation protocol when fitting an extended
DDM with a both a constant and a ramping component in the drift bias (see below). We then switched
to the more realistic dynamic protocol for the subsequent models with more complex dynamics.

The AIC scores of models using the default protocol were generally lower (better) compared to the re-
spective models that used the dynamic protocol. This difference is likely due to the fact that the dynamic
protocol is more constrained by using as input to the models the exact motion energy traces rather than
just their mean for each trial. AICis blind to such latent flexibility differences that do not map onto differ-
ences in number of parameters. Thus, AIC may have “under-penalized” models in the default protocol

relative to those in the dynamic protocol.
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In all models and in both simulation protocols, model predictions were derived via Monte Carlo sim-
ulation. The variance of the processing noise was set to ¢ = 1. One simulation time-step corresponded
to 5 ms (Euler step, dt = 0.005). Finally, in the standard protocol the accumulation process could last for
amaximum of 300 time-steps (or 1500 ms) and in the dynamic protocol for a maximum of 450 time-steps
(or 2250 ms). After these time points, the process timed-out and a response was assigned to the alternative

according to the state of the diffusion variable (e.g., in the standard DDM right if y > a/2 and left if y <
a/2).

DDM VARIANTS WITH DEFAULT SIMULATION PROTOCOL

For all basic DDM variants described in this section, we used the default simulation protocol: the time-
averaged motion energy for each trial provided the drift-rate (v) driving the subsequent diffusion process.
DDM models had s generic parameters: threshold (a), noise scaling (g), non-decision time (7er), drift-

rate variability (sv) and starting-point variability (sz).
Naive DDM. We denote with y the state of the diffusion variable. At time o:

$(0) =z = g + U(—sz, 52) 6)

where U was a uniform random variable (rectangular distribution) in the (—sz, sz) range. The evolu-

tion of y was described by:

dy=g-v-dt+cdW (7)

Above, g was the scaling parameter that controls the signal-to-noise-ration (given that c is fixed at 1).
The variable ¥ was the effective drift-rate, i.e. a Gaussian variable with N(m, sz*) where sz was the drift-
rate variability and m was the average of the motion energy on each trial. A response was generated when
the decision variable y exceeded a (right choice) or surpassed o (left choice). The moment that either of

these boundaries was crossed plus a non-decision time Ter, determined the per-trial RT.

STARTING POINT DDM.  This model was the same as the naive model but with an extra parameter

Zpias SUch that at time o:

y(O) =z= g + U(—SZ,SZ) + Zpias + prev (8)

The variable prev here encoded the previous choice (1: right, -1: left). If 4, was positive the model

implemented repetition and if negative it implemented alternation.

DrIFT Bias DDM. Same as the naive model but with an extra biasing parameter vy, such that:
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dy = (g -V + Vpias - prev)dt + cdW ()

Hysrip DDM. This version combined the starting point DDM and drift bias DDM using two

biasing parameters.

SimpLE RampPiNGg DDM.  This model was the same as the naive model but with an extra parameter
Sramp such that:

Syamp * L - prev

dy=(g-v+ Ydt + cdW (10)

max
where t denoted time elapsed in terms of Monte-Carlo time-steps and £, = 300 time-steps, which was

the maximum duration that a given trial could run for.

HyBrip RAMPING DDM. Same as the naive model but with 2 extra parameters $,qmy and Sconstant

such that:

ramp * ¥
dy = (g v+ (Sconstant + 2 P o )pVeV)dt + cdW (II)

max
This model thus implemented a drift bias that is nonzero at the start of the trial (Sconsians), and also

linearly increases until the end of the trial (with slope s,4mp).

EXTENDED MODELS WITH DYNAMIC SIMULATION PROTOCOL

For all subsequently described models, we used the dynamic simulation protocol (see section General
Assumptions and Procedures), with the motion energy time courses serving as input to the accumulation
process. To illustrate the details of the dynamic protocol, we next describe how the decision variable was
updated in the case of the naive DDM. The decision variable during the viewing period evolved according

to the following differential equation:

dy=g-M,-dt+ cdW (r2)

where M, was the value of the input signal at time 7. Following stimulus offset (at t = T), after 150

time-steps, the diffusion variable carried on being updated as follows:

dy(t) = —= + cdW (13)

In other words, after the stimulus disappeared, accumulation was driven by the average evidence ac-
cumulated up to the point of stimulus offset. This post-stimulus accumulation could continue for a

maximum of 300 extra time-steps, at which point the process timed out.
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SimMpLE AND HYBRID RaMPING DDM.  This model was the same as the above Simple and Hybrid
Ramping DDMs, only now fit by using the dynamic simulation protocol (i.e. the ramping drift-criterion
bias is applied for the viewing period only and, following stimulus offset, the decision variable is updated

according to equation 13).

Dynamic DDM wiTH COLLAPSING BoUuNDs. In the “collapsing bounds” DDM models, a re-
sponse was generated when the diffusion variable (y) exceeds b, (right choice) or surpasses by (left

choice). The two thresholds, b,,, and b gy, vary across time as follows:

bup(t) = la — a1t (142)
I
i) = la——15/? (14b)

In the above, the notation |x|7%" indicates that x was clamped such thatx € [min, max]. The moment
that either of these boundaries was reached, plus a non-decision time 7er, determined the per-trial RT.
The dynamic DDM model had 5 basic parameters: threshold initial value (a), threshold collapse rate (c),

noise scaling (g), non-decision time (7er), and starting-point variability (sz).

STARTING POINT DYNAMIC DDM.  Here, the state of the diffusion variable was initialized according
to equation 8. Thus, the starting point model had 6 free parameters (the 5 basic ones plus the starting

point bias, Zpgs).

DrIrT-B1as DYNAMIC DDM.  The diffusion variable at time 0 was initialized according to equation
8. Also, the diffusion variable in the viewing period was not updated according to equation 9 but accord-

ing to:

dy = (g - M, + Vs - prev)dt + cdW (15)

The drift-bias model had the 5 basic parameters plus the drift-bias parameter (V). Finally, the hybrid
dynamic DDM had 2 biasing parameters (Zpiss and vpqs) and overall 7 free parameters. The diffusion
variable was initialized according to equation 8 and evolved in the viewing period according to equation

12 and in the post-stimulus period according to equation 13.

LEAKY ACCUMULATOR MODELS — GENERAL.  The leaky accumulator model was based on models

described before [267, 272], constituting an extension of the DDM:

dy=(s-v+l-y)dt+ cdW (16)
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where the rate of change of y now also depends on its current value, with a magnitude controlled by

the additional parameter 4, the effective leak which reflects the time constant of the accumulation process.

We defined three dynamic variants (c.f. dynamic DDM above) of the leaky accumulator model in order
to account for history biases. These different biasing mechanisms were further crossed with two different

bound regimes: static or collapsing bounds, as described for the DDM above.

LEAKY ACCUMULATOR WITH STARTING POINT Bras. Here, the diffusion variable was initiated

according to equation 8. During the viewing period, it was updated according to:

dy(t) = (A-y(t) + g+ M,)dt + cdW (172)
After stimulus offset, accumulation continued according to:

dy(t) = A-y(t) + fracy(T)T + cdW (17b)

LEAKY ACCUMULATOR WITH INPUT B1as.  Here, the diffusion variable was initiated according to

equation 6. The evolution of the decision variable during the viewing period was described by:

dy(t) = (2-y(1) + g - My + Voias - prev)dt + cdW (18)

After stimulus offset accumulation continued according to equation 17.2. Responses were determined
by a static threshold crossing mechanism, as in the standard DDM models described above.

The third leaky accumulator model we defined, the A-bias model, accounted for history biases by intro-
ducing an asymmetry in the dynamics of evidence accumulation. In this model, we followed a different
implementation in order to enable biasing the effective leak (1) parameter: we reformulated the model to
describe two separate accumulators that integrate the sensory evidence. We define the diffusion variable
yasy = y,yp, with y, and yp being two independent accumulators coding the right and left choice. The

two accumulators were initialized as follows:

v4(0) = U(—sz, sz) (192)
y(0) =0 (19b)

Starting point variability was thus applied only to one accumulator, which was equivalent to applying

this variability on their difference (diffusion variable y).

During the viewing period the two accumulators were updated according to:
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dvalt) = (s - yalt) + g fu(M))dr + <2 (s00)

V2
cdW

dyp(t) = (s - ya(t) + g - f3(M,))dt + —= (20Db)
V2
The variance of the processing noise applied to each accumulator was divided by 2 such as the processing

variance of the accumulators’ difference (variable y) is ¢?, as in the DDM. The functions f; and f3 were

threshold linear functions with f; setting negative values to o and f3 setting positive values to o. Specifi-

cally:
x ifx>0
falx) = (20¢)
0 ifx<0
0 ifx>0
S(x) = (20d)
—x ifx<0

Thus, the Y, accumulator "listened” only to the negative values of the input stream while the y only to

the positive values. The effective leak parameters for each accumulator were defined as follows:

Ay = A+ fa(prev) - Apias (20€)
I = A+ fz(prev) - Apias (20f)

LEAKY ACCUMULATOR WITH STATIC BOUNDS. A response was initiated when the difference be-
tween the two accumulators () exceeded a positive threshold +a (right choice) or surpassed a negative
threshold —a (left choice). These leaky accumulator models had 1 biasing parameter each as well as the
following s basic parameters: threshold value (a), effective leak (1), noise scaling (), non-decision time

(Ter), and starting-point variability (sz).

LEAKY ACCUMULATOR WITH COLLAPSING BouNDs. We implemented versions of the leaky accu-
mulator models described above using collapsing bounds. For the input and starting point bias models,
the time-varying bounds are described in equations 14.1 and 14.2. For the A-bias model, collapsing bounds
had the same functional form but their asymptote was set to o (mirroring the fact that in this model the
neutral point of the y = y,y decision variable was at o, rather than at @/2 as in all other models involving

a single accumulator):
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t a
bup(t) = la —a——1o (212)

4 0

bownt = —a
d () |al‘+C 4

(21b)

MODEL FITTING PROCEDURES ~ W fit the extended models using a Quantile Maximal Likelihood
(QMPE) approach. Under this approach, empirical RT values are classified into bins defined by the o.1,
0.3, 0.5, 0.7 and 0.9 quantiles of the RT distribution (6 bins overall). RT quantiles were derived separately
for the various coherence levels. We excluded the 81% coherence trials and pooled together the 0% and
3% coherence trials as RT quantiles in these trials were not distinguishable. This resulted in quantiles for
each of 3 difficulty levels (0% and 3%, 9% and 27%), for each of the two responses (correct/ error), and
for 2 history conditions (motion direction in current trial consistent or inconsistent with the previous
response), leading to 6 bins x 3 coherence x 2 response x 2 history = 72 bins per participant. Denoting the
number of empirical observations in a particular bin k by 7, and the probability predicted by the model

to derive a response in a particular bin k by Py, the likelihood L of the data given the model is defined as:

L=]]P¢ (22)
k

We applied a commonly used multi-stage approach to fit our simulation-based models [299]. First,
each fitting session started by generating 20 random parameter sets, drawn from a uniform distribution
bounded by the range of each parameter. To improve the precision of likelihood estimates, we generated
10 synthetic trials for each experimental trial, replicating the trials for a given participant. We then com-
puted the likelihood of the model parameters given the data. The parameter set with the best fit out of
the initial 20 was used as the starting point for a standard optimization routine (“fminsearchbnd.m” func-
tion in Matlab, which implements a constrained version of the Nelder-Mead simplex algorithm). In total,
we ran so of such fitting sessions, each with a different random seed. Second, we chose the best-fitting
parameter set from each of the so sessions and recomputed the likelihood while replicating 20 synthetic
trials for each experimental trial. Third, the 5 best-fitting of these so sets were used as starting points
fminsearchbnd, which further refined the local minima of the fit. Fourth, we recalculated the likelihood
of the single best parameter set in simulations with 30 synthetic trials for each experimental trial (see eq.

6). For each model, £, AIC values were calculated at the group level:

AIC; = =2 " In(L,) + 2my (23)

where N is the total number of participants and s is the participants index. L, denotes the maximum

likelihood estimate for each participant s. Finally, myis the number of free parameters for a given model

f
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MopEL simuLaTIONS  We simulated conditional bias functions for various biasing mechanisms
within the frameworks of the DDM and the leaky accumulator models. Per biasing mechanism, we sim-
ulated 100K traces in time steps of 10 ms using equations 2 (DDM) and 18 (leaky accumulator).

For the DDM simulations (Figure 7 — Figure Supplement 2), the main parameters were: boundary
separation = 1; drift rate = 1; non-decision time = o.1; starting point = 0.5 (expressed as a fraction of the
boundary separation); drift bias = o; drift rate variability = o.5. We simulated three levels of starting
point bias (0.56, 0.62 and 0.68), three levels of constant drift bias (0.2, 0.5 and 0.8), three levels of a time-
dependent linear increase in drift bias (1.5/s, 2.5/s and 3.5/s), three levels of constant drift bias (0.2, 0.5 and
0.8) in combination with hyperbolically collapsing bounds (given by equation 16 and using ¢ = 3), and
three levels of one time-dependent collapsing and one expanding bound: 0.2/s, 0.5/s and 0.8/s.

For the leaky accumulator simulations (Figure 7 — Figure Supplement 3), the main parameters for each
accumulator were: input = 1; boundary = 0.42; 4 = —2.5; starting point = o; input bias = o. The negative
A’s determined that the accumulators were self-excitatory in nature (as opposed to leaky). We choose this
to match the primacy effects observed in the data (Figure 7 — Figure Supplement 1d). We simulated three
levels of starting point bias (0.0s, 0.10 and o.15), three levels of input bias (0.2, 0.5 and 0.8), and three
levels of A-bias between the two accumulators: (-3 vs -2, -4 vs -1, and -5 vs 0).

We then fit DDM models separately to each of the simulated datasets and fit the parameters boundary

separation, drift rate, non-decision time, starting point, drift bias and drift rate variability.

5.4.7 EFFECTIVE BIAS SIGNAL

We calculated the effective bias signal (as in [273]) for the winning DDM and leaky accumulator models
with collapsing bounds (Figure 7d). We focused on those two models because they provided the best
fits to the data overall (Figure 7b). We assumed that the current choice is biased in the direction of the
previous choice (repetition bias). We arbitrarily set the previous choice to “right” (prev = 1), which means
that the biasing mechanisms pushes the decision variable closer to the upper boundary. In both models,
the effective bias signal at time t was obtained by dividing the value of the cumulative bias signal by the
value of the upper bound on that moment.

For both models, we took the average of the absolute input bias parameter, so as to emulate a repetition
bias. For the DDM, we averaged parameters across all participants. For the input bias leaky accumulator
model, participants were divided in two groups based on the sign of the fitted parameter 4. Here, we
calculated the effective bias signal in two instances: a) by averaging parameters across participants with
/>0 and b) by averaging parameters across participants with A<o. Because the time courses were very
similar in these two cases, in Fig. 6d we plotted the average of the two effective bias signals.

For the input bias DDM we computed the cumulative bias signal by taking the difference between the
deterministic (i.e., ignoring the noise term and the starting point variability) time course of the decision
variable in the input bias model (equation 11) and the deterministic time course of the decision variable

in the unbiased model (equation 9). The time course of the upper bound was computed according to
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equation 16.1. Correspondingly, for the input bias leaky accumulator model we estimated the cumulative
bias signal by subtracting the deterministic decision variable obtained from equation 19.1 from the deter-
ministic decision variable obtained from equation 20. The time course of the upper bound was obtained

using equation 22.1.

5.4.8 STATISTICAL TESTS

We quantified across-subject correlations between P(repeat) and the individual history components in
DDM bias parameter estimates using Spearman’s rank correlation coefficient. The qualitative pattern
of results does not depend on the choice of a specific correlation metric. Even though individual sub-
ject parameter estimates are not independent due to the hierarchical nature of the HDDM fit, between-
subject variance in parameter point estimates can reliably be correlated to an external variable - in our
case, P(repeat) — without inflation of the false positive rate [160]. The difference between two correla-
tion coeflicients that shared a common variable, and its associated p-value, was computed using Steiger’s
test [300].

We used Bayes factors to quantify the strength of evidence across our different datasets. We first com-
puted the Bayes factor for each correlation (between P(repeat) and the history shift in starting point, and
between P(repeat) and the history shift in drift bias) [256]. We then multiplied these Bayes factors across
datasets to quantify the total evidence in favor or against the null hypothesis of no correlation [257]. BF,,
quantifies the evidence in favor of the alternative versus the null hypothesis, where BF,, = 1 indicates in-
conclusive evidence to draw conclusions from the data. BF,, < 1/10 or > 10 is taken to indicate substantial
evidence for H, or H, [258].

5.4.9 IDATA AND CODE AVAILABILITY

All behavioral data, model fits and analysis code are available under a CC-BY 4.0 license at https: //doi.
org/10.6084/m9. figshare.7268558.
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Figure S1: [Figure 3 - figure supplement 1] The hierarchical DDM. (a) Graphical representation of the hierarchical model structure. The full
model (with both history-dependent drift bias and starting point) is depicted. Round nodes represent random variables, and the shaded
node x represented the observed data (choices and RTs for all observers within each task). Subject-specific parameter estimates were
distributed according to the group-level posterior values, thereby ‘shrinking’ individual values towards the group average. Colors indicate
the distributions used for each node. For the datasets with multiple stimulus difficulty levels, we additionally estimated a separate drift
rate (v) for each (Figure 3 - Figure Supplement 2a, inset). Between-trial variability in non-decision time was only included in the model
shown in Figure 4 - Figure Supplement 1b. (b) Prior distributions used for each node, with colors indicating their distribution. See [77]
for the full set of prior specifications.
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Figure S2: [Figure 3 - figure supplement 2] Drift diffusion model fits. (a) Correlation between drift rate (v) and d. In the two datasets
with multiple stimulus difficulty levels (Visual motion 2AFC (FD) and Visual motion 2IFC (FD) #1), drift rates were estimated separately
for each level of stimulus difficulty. In these two datasets, the correlation coefficient displayed is a partial correlation between v and d,
while accounting for stimulus difficulty (inset, colors indicate discrete stimulus difficulty levels). As expected, the mean drift rate increased
monotonically as a function of evidence strength. (b) Measured and predicted RT distributions, across all trials and observers within
each dataset. Observed (light) and predicted (dark) RT distributions are separately shown for each combination of stimulus and choice
(green/purple), with the low-probability distributions indicating error trials.
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Figure S3: [Figure 4 - figure supplement 1] Control model fits. (a) Summary figure based on non-hierarchical G2 fits [298]. Rather than the
full RT distribution, we fit each observers’ RT quantiles (0.1, 0.3, 0.5, 0.7, 0.9) and correlated history shifts in the DDM bias parameters to
individual P(repeat), as in Figure 4. (b) Summary figure based on the full hierarchical model, where across-trial variability in non-decision
time (st) was added as a free parameter. Like the across-trial variability in drift rate (sv) and starting point (sz), the st parameter was only
estimated at the group level [112]. (c) Fits of the two datasets with multiple evidence strengths, allowing non-decision time to vary with
these discrete levels (see Methods). (i) Posterior distributions of group-level non-decision time for each level of evidence strength. (ii)
Comparison between models accounting for choice history bias through a starting point, drift bias or both, while allowing for non-decision
time to vary with levels of stimulus strength. (iii) Correlations between individual history shifts in starting point or drift bias and repetition
probability, from a model where non-decision time was separately estimated per level of stimulus strength.
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Figure S4: [Figure 4 - figure supplement 2] Same biasing mechanism under two pharmacological interventions. (a) Participants in the MEG
study were assigned to one of three pharmacological groups. At the start of each experimental session, they orally took 40 mg atomoxetine
(Strattera®), 5 mg donepezil (Aricept®), or placebo. Since the time of peak plasma concentration is 3 hours for donepezil [301] and 1-2
hours for atomoxetine [302], we used a placebo-controlled, double-blind, double-dummy design, entailing an identical number of pills at
the same times before every session for all participants. Participants in the donepezil group took 5 mg of donepezil 3 hours, and placebo
1.5 hours before starting the experimental session. Participants in the atomoxetine group took placebo 3 hours, and 40 mg of atomoxetine
1.5 hours before the experimental session. Those in the placebo group took identical-looking sugar capsules both 3 and 1.5 hours before
starting the session. This ensured that either drug reached its peak plasma concentration at the start of the experimental training. The
drug doses were based previous studies with healthy participants [303, 304]. Blood pressure and heart rate were measured and registered
before subjects took their first and second pill. In the three hours before any MEG or training session, participants waited in a quiet room.
In total, 19 people in the placebo, 22 in the atomoxetine, and 20 in the donepezil group completed the full study. (b, c) Choice history
biases separately for each pharmacological group. Since we did not observe differences in choice history bias between these groups, we

pooled all observers for the main analyses.
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Figure S5: [Figure 4 - figure supplement 3] Repeaters vs. alternators. (a) Correlations between individual history shifts in starting point or
drift bias and repetition probability, fit separately for groups of ‘repeaters’ (P(repeat) > 0.5) and ‘alternators’ (P(repeat) < 0.5). (b) Summary
of correlations (as in Figure 4c) separately for repeaters and alternators. Error bars indicate the 95% confidence interval of the correlation
coefficient. Ap quantifies the degree to which the two DDM parameters are differentially able to predict individual choice repetition,
p-values from Steiger’s test. The black diamond indicates the mean correlation coefficient across datasets. In the Visual contrast yes/no
RT dataset there were no alternators, so this dataset was excluded from the overview.
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Figure Sé: [Figure 4 - figure supplement 4] Post-error slowing. (a) We computed post-error slowing as the difference in average RT after
p
< 0.001, ** p < 0.01, n.s. p > 0.05). We then fit an HDDM model where the overall drift rate, as well as the boundary separation, were
allowed to vary depending on the outcome (correct vs. error) of the previous trial. (b) Changes in boundary separation after error vs.

error and correct trials. In four of the six datasets, observers showed significant post-error slowing (permutation test against zero; ***

correct trials. (c) Changes in drift rate after error vs. correct trials. For the two datasets with multiple levels of stimulus strength, the effect
of previous error vs. correct on drift rate is shown separately for each discrete level of stimulus strength (weak to strong evidence from
left to right; see also Methods and Figure 3 - Figure Supplement 2a). (d-e) as (b-c), but from a HDDM model where we simultaneously
allowed choice history to affect starting point and drift bias, as well as previous accuracy to affect boundary separation and drift rate.
Distributions were smoothed using kernel density fits. Shaded regions represent the 95% BCIl, and white lines indicate the posterior mean.
Errors were succeeded by a decrease in mean drift rate in most datasets and by an increased boundary separation in some datasets: both
effects conspired to slow down decisions after an error. (f) Correlations between P(repeat) and history shifts in starting point and drift
bias, from the model where previous accuracy was also allowed to affect boundary separation and drift rate.
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Figure S7: [Figure 4 - figure supplement 5] Group-level posterior distributions of history bias parameters. History shift in (a) starting
point and drift bias, as well as the effect of previous choice outcome on (b) starting point and drift bias, separately for each dataset. The
posteriors were taken from the model where history-dependent z and vbias were fit simultaneously. Distributions were smoothed using
kernel density fits. Shaded regions represent the 95% BCIl, and white lines indicate the posterior mean. P-values indicate the overlap with
zero (a), or between the two conditions (b). (c) Repetition probability for five quantiles of the RT distribution, separately for each dataset
(colors) and averaged across datasets (black). For those RTs < 600ms, group-level behavior tended towards choice alternation.
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Figure S8: [Figure 6 - figure supplement 1] Contribution of previous choices to current drift and starting point bias as function of lag.

Model comparison (A AIC from a baseline model without history) between models where previous correct and incorrect choices affected
only starting point (light green squares), only drift bias (blue diamonds), or both (blue-green circles), up to 6 past trials. The best-fitting

model is indicated by a black outline.
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Figure S9: [Figure 7 - figure supplement 1] Motion energy filtering, psychophysical kernels and the effective time-constant of evidence
integration. (a) Within each generative coherence level, the average motion energy traces were rescaled to express motion energy in
% coherence. The initial 200ms of the trial fall within the rise-time of the spatiotemporal motion energy filter. (b) The average motion
energy is a linear function of coherence, with substantial trial-by-trial fluctuations that arise from the stochastically generated noise dots.
Note that while we previously used motion energy filtering on the dot coordinates in the Visual motion 2IFC (FD) #1 dataset (Urai et al.,
2017), the large stimulus display in that study resulted in most noise fluctuations being averaged out over space. This resulted in only
small trial-by-trial differences in the effective decision-relevant input). (c) Psychophysical kernels, indicating the effect of fluctuations in
motion energy (using the three weakest coherence levels) on observers’ choice over time. Shaded errorbars indicate group s.e.m., black
dots show significant (p < 0.05, FDR-corrected) group-level deviations from zero. (d) Individual effective leak parameters, estimated from
an leaky accumulator model either without (left) or with (right) collapsing. A positive A indicates that the accumulators accelerate towards
the decision bound, depending on the value of the decision variable. When including a collapsing bound in the model, which captures an
overall urgency in the decision process, overall effective leak biases are no longer significantly different from zero. *** p < 0.001, ** p <
0.01, n.s. p > 0.05, permutation test against zero.
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Figure S10: [Figure 7 - figure supplement 2] Drift diffusion model simulations. (a) Model schematics. (b) Conditional bias functions, for
synthetic individuals with increasing bias magnitude (indicated by color intensity). (c) Parameter estimates of a hybrid HDDM (with both
starting point and drift bias) fit on simulated data. (d) Model comparison from a baseline model without history. The best-fitting model
(lowest BIC) is indicated by a black outline. (e) Correlations between P(bias) of each synthetic individual, and their respective parameter

estimates for both starting point and drift bias.
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Figure S11: [Figure 7 - figure supplement 3] Leaky accumulator model simulations. To match the empirical data (Figure 7 - Figure Sup-
plement 1d), we choose the overall leak parameter A to be > 0, producing a primacy effect through self-excitatory accumulators, whereby
evidence early on in the trials has a stronger leverage on choice. We verified that the same conclusions hold for A < 0 (data not shown).
All simulations included collapsing bounds. (a) Model schematics. Left to right: (i) The effect of a biased starting point on choice declines
rapidly with elapsed time, as the decision variable is increasingly governed by the input. (ii) The effect of biased input to the accumulation
stage within the leaky accumulator model is uniquely captured by drift bias within the DDM. Also, the effect input bias on choice increases
with elapsed time, as the decision variable is increasingly governed by the Ap;,s. (iii) The effect of biased leak of the accumulators (hence-
forth termed ‘Ap;4s") on choice increases with elapsed time, as the decision variable is increasingly governed by the Ap;4. (b) Conditional
bias functions, for synthetic individuals with increasing bias magnitude (indicated by color intensity). (c) Parameter estimates of a hybrid
HDDM (with both starting point and drift bias) fit on simulated data. (d) Model comparison from a baseline model without history. The
best-fitting model is indicated with a black outline. (e) Correlations between P(bias) of each synthetic individual, and their respective
parameter estimates for both starting point and drift bias.

It noteworthy that Ay, in the leaky accumulator model predicts the strongest choice bias for long RTs, while both DDM starting point
and drift bias predict the strongest choice bias for short RTs. This implies that if a major source of choice bias in any dataset is due to a
leak bias, the DDM is not going to be able to easily account for this. Our simulations show that the best-fitting DDM such data shows: (i)
a drift bias, in order to explain the choice bias for relatively long RTs, and (ii) a starting point of opposite sign, in order to push down the
expected choice bias for relatively short RTs. Indeed, these opposing effects of starting point and drift bias can be observed in the bars in
(h), and are present in some of the datasets used here (Figure 4 - Figure Supplement 5a). The present simulation results suggest that even
stronger choice repetition (or alternation) effects as measured here would give rise to opposite effects on starting point and drift bias in
DDM fits.



Summary

A1 ENGgLIsSH

Many decisions are made in the face of uncertainty and involve accumulating ambiguous evidence over
time. This holds for elementary decisions based on perceptual evidence (finding your way home through
a rainy windshield) ranging to more complex decisions based on abstract evidence (deciding which stock
to buy, or which career to pursue). Protracted decision-making is implemented by a distributed brain net-
work: in the context of a perceptual decision, sensory cortex encodes input signals (“evidence samples”),
association cortex accumulates these over time into a decision variable, and motor regions translate the
decision into a behavioral act. Strikingly, when asked to make repeated decisions, we often choose differ-
ently each time, even when we are given the same information to inform our choice. This implies that
the path a decision-making process takes in our brain is not fixed, but, to an extend, variable. Behavioral
variability is commonly attributed to intrinsic noise in the nervous system.

However, behavioral variability is perhaps not completely unpredictable: a substantial part of the vari-
ability in behavior might in fact be explained and predicted by tracking the momentary “arousal state”
of the brain, and by tracking the “history of choices” a particular decision is embedded in. Indeed, the
brain’s arousal state is briefly elevated during decision-making. The arousal state is regulated by brainstem
nulei, which have widespread projections that release modulatory neurotransmittors (neuromodulators).
Neuromodulators alter the operating mode of their target circuits, for example, by regulating their over-
all excitability. As such, they determine the arousal state of the brain and tune information processing.
Also, choices are rarely made in isolation, but often depend on a person’s previous experiences (when
finding your way home through that rainy windshield, you probably don’t want to make two right-turn
decisions in a row; unless you’re sure you went the wrong way). This implies that previous choices can

bias the brain’s decision-making machinery. Taken together, the brain’s arousal state and the history of
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choices should, somehow, shape cortical decision-computations and overt choices, and thereby explain a
significant fraction of the observed behavioral variability. The goal of this thesis is to determine how.

Here, this question is addressed with a series of experiments combining psychophysics, computational
modeling, pupillometry, functional magnetic resonance imaging (fMRI) of the brainstem, and magne-
toencephalography (MEG) of cortical decision computations. The first chapter establishes that pupil size
at constant luminance is a reliable measure of the activity of a number of neuromodulatory brainstem nu-
clei known to regulate cortical arousal. Further, the first chapter demonstrates that the functional impact
of pupil-linked phasic arousal is to suppress suboptimal biases in evidence accumulation and subsequent
choice behavior. The second chapter establishes that the arousal-linked suppression of suboptimal bi-
ases in evidence accumulation is a general principle: it occurs in a range of decision-making tasks (when
decisions are based on perceptual evidence, are made from memory, or based on numerical values) and
across species (humans and mice). The third chapter demonstrates that the pupil-linked bias suppression
(in a perceptual decision-making context) is mediated by the arousal-related shaping of choice-predictive
alpha-band activity (a signature of “excitability”) in regions along the dorsal stream of the visual corti-
cal hierarchy, including primary visual cortex. The fourth chapter establishes that pupil-linked phasic
arousal is recruited in relation to key computational variables such as uncertainty and surprise. The fifth
and last chapter highlights that the evidence accumulation process is not only driven by the momentary
evidence, bias, and arousal, but indeed also by previous choices.

Thus, phasic arousal and previous choices calibrate a key computation during decision-making: evi-
dence accumulation. When decisions are made in the face of uncertainty tracking phasic arousal signals
and the history of choices may be just as important for predicting choice behavior as tracking the objective
evidence gathered from the outside world. This thesis therefore establishes that phasic arousal signals and

the history of choices account for a substantial fraction of the apparent variability in overt behavior.

A2 GERMAN

Wenn wir Entscheidungen treffen, so tun wir dies oftmals auf basierend auf mehrdeutiger oder unzuver-
lissiger Information, welche tiber die Zeit akkumuliert wird. Dieser Prozess der Informationsakkumu-
lation lisst sich sowohl bei sehr einfachen perzeptuellen Entscheidungen, das heifit Entscheidungen, die
aufrein sensorischer Information basieren (z.B. die Detektion von Hindernissen auf der Fahrbahn durch
eine verregnete Frontscheibe), jedoch auch bei komplexeren Entscheidungen (z.B. ob eine Aktie gekauft,
oder ein bestimmter Karriereweg einschlagen werden soll) beobachten. Im Gehirn sind solche zeitlich
ausgedehnten Entscheidungsprozesse in verteilten neuronalen Netzen implementiert: bei perzeptuellen
Entscheidungen enkodieren sensorische kortikale Areale die eingehende sensorische Information, wohinge-
gen hohere Areale des Assoziationskortex diese Information tiber die Zeit, in Form einer Entscheidungsvari-
able, akkumulieren. Regionen des motorischen Kortex hingegen transformieren die akkumulierte In-
formation in einen behavioralen Output. Interessanterweise zeigt sich in Situationen, in welchen Men-

schen wiederholt Entscheidungen basierend auf sehr dhnlicher oder gar identischer Information treffen
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missen, dass die getroffenen Entscheidungen variabel sind - selbst dann, wenn die zugrundeliegende
Information bei jeder dieser Entscheidungen identisch ist. Dies suggeriert, dass der Prozess der Entschei-
dungsfindung nicht vollends deterministisch verlduft, sondern vielmehr einer gewissen Variabilitit unter-
liegt. Diese Variabilitit im Entscheidungsprozess wird hiufig intrinsischem Rauschen in neuronalen Net-
zen zugeschrieben. Intrinsisches Rauschen erklirt jedoch nur einen Teil der resultierenden behavioralen
Variabilitit. Ein weiterer Teil kann einerseits durch Schwankungen im allgemeinen Erregtheitszustand
des Gehirns erklirt werden, andererseits durch die Berticksichtigung vergangener Entscheidungen auf

welche eine gegenwirtige Entscheidung folgt.

Im Verlauf des Entscheidungsprozesses werden neuromodulatorische Systeme des Hirnstamms ak-
tiviert. Diese Systeme verftigen tiber weitreichende anatomische Verbindungen in den Neokortex, welche
Neuromodulatoren in die Zielregion freigeben. Neuromodulatoren verindern den Operationsmodus
neuronaler Schaltkreise, zum Beispiel durch die Regulation der neuronalen Erregbarkeit. Durch ihre
weitreichenden Verbindungen beeinflussen sie den globalen Erregtheitszustand des Gehirns und folglich
die neuronale Informationsverarbeitung. Entscheidungen werden zudem selten in vollstindiger Isola-
tion getroffen, sondern sind vielmehr eingebettet in eine Abfolge vieler Entscheidungsprozesse, welche
ebenfalls Einfluss auf den neuronalen Entscheidungsprozess nehmen. Zusammengenommen prigen der
momentane Erregtheitszustand des Gehirns sowie die genaue Abfolge an vorhergehenden Entscheidun-
gen die Informationsverarbeitungsprozesse welche der Entscheidungsfindung zugrunde liegen. Variabil-
itdt im Erregtheitszustand oder in der Entscheidungsgeschichte erkliren damit einen bedeutenden Teil
beobachteter Verhaltensvariabilitit - selbst angesichts identischer Information. Das Ziel der vorliegen-

den Dissertation ist es darzulegen, tiber welche neuronalen Prozesse diese Prozesse implementiert sind.

Diese Frage wird hier durch eine Kombination aus Psychophysik, mathematischer Modellierung, sowie
funktioneller Magnetresonanztomographie und Magnetoenzephalographie adressiert. Im ersten Kapitel
wird der Pupillendurchmesser (bei konstanter Helligkeit) als ein Marker fiir die Aktivitit neuromodula-
torischer Nuklei des Hirnstamms, und damit fiir globale Erregung, etabliert. Weiterhin wird im ersten
Kapitel gezeigt, dass in Phasen erh6hter Erregung suboptimale Biases in der perzeptuellen Entscheidungs-
findung reduziert bzw. unterdriickt sind. Im zweiten Kapitel wird die Frage nach der Allgemeingiiltigkeit
der genannten Reduktion suboptimaler Biases behandelt. Es wird dargelegt, dass dieses Prinzip einerseits
bei einer Vielzahl unterschiedlicher Entscheidungsaufgaben variierender Komplexitit, sowie in unter-
schiedlichen Spezies (Menschen und Miusen) auftritt. Im dritten Kapitel wird dargelegt, dass die genan-
nte Unterdriickung suboptimaler Biases durch erregungsbedingte Einfliisse auf” Alpha-Band Aktivitit,
entlang des dorsalen Stroms der visuellen Hierarchie, mediiert wird. Im vierten Kapitel wird gezeigt, dass
phasische Erregung in Relation zu Schliisselkomponenten der Informationsverarbeitung, wie z.B. Sicher-
heit/Unsicherheit und Uberraschung, rekrutiert wird. Im fiinften und letzten Kapitel wird aufgezeigt,
dass Informationsakkumulation nicht nur von gegenwirtiger Information, etwaigen Biases sowie allge-
meiner Erregung abhingt, sondern zudem von der Reihenfolge an vorhergehenden Entscheidungen bee-

influsst wird.
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Zusammenfassend wird in dieser Dissertation aufgezeigt, wie neuronale Erregung sowie vorhergehende
Entscheidungensequenzen Informationsverarbeitung wihrend unterschiedlicher Entscheidungsaufgaben
beeinflussen. In Situationen, in welchen Entscheidungen basierend auf unzuverlissiger oder ambivalen-
ter externer Information getroffen werden, haben Faktoren wie neuronale/psychische Erregung, sowie
die Sequenz vorhergehender Entscheidungen, einen dhnlich groffen Einfluss auf kiinftige Entscheidun-
gen wie die tatsichliche und objektive Information, welche vom Entscheider aus der Umwelt extrahiert
wird. Dabei zeigt sich, dass nur ein Teil der beobachteten Variabilitit im Entscheidungsverhalten intrin-

sischem neuronalem Rauschen zugeschrieben werden kann.
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