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Abstract

Successful reward-guided behavior relies not only on learning actions to obtain rewards but
also on learning cues that predict the reward, which motivate and prepare the animal to
pursue and consume it. Although these two types of learning-instrumental learning and
Pavlovian conditioning-have been extensively studied, it remains unclear how the brain
updates and arbitrates between these systems, especially when Pavlovian signals are
irrelevant to decision making. To address this, we used eye-tracking, pupillometry, and
computational modeling in a Pavlovian-to-Instrumental Transfer task with 60 humans (30
females), consisting of three phases: the Pavlovian phase (learning conditioned stimulus-
outcome associations), the instrumental phase (learning response-outcome associations),
and the transfer phase (testing Pavlovian bias on instrumental responses). Using this
approach, we aimed to identify different types of learners and their strategies, especially

how individual differences in sign-trackers versus goal-trackers influence Pavlovian bias. To
that end, we used eye gaze data to categorize participants as sign- or goal-trackers, and
found that although both groups learned the task, sign-trackers’ performance was lower
when exposed to Pavlovian cues, as they favored options based on their cue-outcome
associations. Fitting data with multiple computational models revealed that participants
dynamically arbitrated between values estimated through Pavlovian and instrumental
systems. Importantly, lower performance in sign-trackers was due to slower updating of
Pavlovian cue values during the transfer phase, not overweighting of Pavlovian cue values
relative to instrumental action values. Overall, our study offers a computational framework

for understanding inflexible decision making and potential interventions for disorders marked
by maladaptive cue reactivity.

Significance Statement

Everyday decisions are shaped by the feedbacks received after making choices
(instrumental learning) or predicted by the presence of cues —like images or sounds -
around us (Pavlovian learning). Sometimes, these cues can lead us to make poor choices.
Our study examines how these two learning systems interact, and why some individuals
are more influenced by such cues than others. Using eye-tracking, pupillometry, and
computational modeling, we show that people more drawn to reward-predicting cues
update their beliefs more slowly, leading to biased decisions. These findings may offer
new insight into why some individuals struggle with inflexible or maladaptive behavior, as
seen in conditions like addiction and compulsive disorders.
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Introduction

Value-based decision-making relies on the ability to leverage environmental cues to predict
valuable outcomes and guide actions. Pavlovian learning mechanisms are fundamental to
this process, shaping both attentional and goal-directed behavior (Soltani & Koechlin, 2022).
These mechanisms are studied using Pavlovian autoshaping procedures (Brown & Jenkins,
1968), where a conditioned stimulus (CS) predicts a reward delivered in a different location
(Berridge, 2000). Based on conditioned responses, two distinct learning profiles have been
identified in non-human animals: sign-trackers, who approach the Pavlovian cue (“sign”)
upon its presentation, and goal-trackers, who move directly to the location of the reward
("goal") (Colaizzi et al., 2020). Notably, sign-trackers persist in approaching the cue even
when these actions delay (Breland & Breland, 1961) or prevent reward retrieval (Hearst &
Jenkins, 1974), suggesting a maladaptive prioritization of Pavlovian cues over instrumental
goals.

Although the cue predicts the reward for both sign- and goal-trackers, it acquires a higher
incentive value for the former (Robinson & Flagel, 2009). Rodent literature shows that
conditioned responses in sign-trackers are more resistant to extinction (Ahrens et al., 2016)
and that sign-tracking is linked to increased salience to reward cues but not to reward
feedback (Duckworth et al., 2022). Accordingly, sign-trackers exhibit maladaptive behaviors
linked to higher incentive value attribution, like increased impulsivity (Saunders & Robinson,
2010), attentional control deficits (Paolone et al., 2013), and propensity for addiction-like
behaviors (Flagel et al., 2009). Translating these findings to humans, researchers have
identified analogous learning styles by measuring oculomotor responses during Pavlovian
tasks (for a review, see Colaizzi et al., 2020).

Despite parallels between human and animal models, two important questions remain. First,
although animal models link sign-tracking to maladaptive cue-driven decision-making, a
direct translation into suboptimal ‘Pavlovian biases’—i.e., behavioral bias due to Pavlovian
cues that reduce the capacity to maximize reward—in humans is lacking. Notably, previous
evidence in humans (Garofalo & di Pellegrino, 2015; Schad et al., 2020) suggested
enhanced cue-driven decision-making in sign-trackers. However, those studies assessed
Pavlovian biases in which cues non-specifically invigorate responding, an effect known as
general Pavlovian-to-Instrumental Transfer (PIT). By contrast, it is not yet established
whether sign-tracking is associated with outcome-specific Pavlovian influences that shift
choice among competing instrumental options, nor whether this bias holds if it results in
suboptimal performance. Second, the computational mechanisms linking Pavlovian and
instrumental learning remain unclear.

To address these questions, we employed a modified outcome-specific PIT paradigm
featuring “poor” and “rich” choice options with a specific reward schedule (Badioli et al.,
2024). Classic PIT tasks include three phases: Pavlovian learning, where participants learn
CS-outcome associations; instrumental learning, where they learn response-outcome
associations; transfer, where Pavlovian bias on instrumental responses is tested (Degni et

al., 2025). Unlike classic PIT paradigms, participants here performed transfer with feedback,
where reward delivery depended solely on instrumental actions (Pavlovian cues were task-
irrelevant). Also, we implemented a baiting rule whereby the probability of being rewarded

for each option increased the longer it was left unchosen. Under these conditions, reward
matching (i.e., allocating responses in proportion to each option’s nominal reward rate) was
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the optimal strategy to maximize cumulative payoffs (Lau & Glimcher, 2005). Deviations from
this pattern, such as responding equally across options or favoring the poor option, were
therefore suboptimal as they led to a potential loss of reward. This foraging-like design
allowed us to examine whether sign-trackers exhibit suboptimal Pavlovian bias.

Using computational modeling, we assessed two competing mechanisms through which
motivational salience may lead to Pavlovian bias in sign-trackers (Ostlund & Marshall, 2021).
First, the higher value attributed to reward-predictive cues could amplify their influence over
instrumental decisions in sign-trackers. Alternatively, sign-trackers may fail to adequately
update cue values in the transfer phase, leading to persistent suboptimal strategies due to
incorrect estimates. To test these hypotheses, we fit trial-by-trial choice data using various
computational models, followed by model selection to assess both Pavlovian and
instrumental associative learning along with their dynamic interaction.

Materials and Methods

Participants

The sample size was established based on a power analysis conducted on MorePower 6.0
(Campbell & Thompson, 2012) for the planned 4x2 mixed-measures ANOVAs. Specifically,
we used the following parameters: Repeated Measures design factors = 1 factor (CS) with

4 levels (CS+1, CS+2, CS-, No CS); Independent Measures design factors = 1 factor (Group)
with 2 levels (sign-trackers, goal-trackers); effect size (n p?) = 0.08; and significance level =
0.05; power = 0.9. The effect size was estimated based on the minimum effect size (n p?)
obtained by previous studies conducted with a Pavlovian-to-Instrumental Transfer task
(Degni et al., 2022; Garofalo et al., 2019, 2020, 2021; Garofalo & di Pellegrino, 2015;
Garofalo & Robbins, 2017;Degni et al., 2024). A-priori power analysis resulted in a minimum
sample of 56. Here, the additional manipulation of the instrumental learning phase
suggested a possible smaller effect size (Lakens, 2013). Hence, 60 volunteers with normal
or corrected-to-normal vision and no history of neurological or psychiatric diseases were
recruited. Data from 4 participants were unusable due to technical issues during eye-
tracking recording. Two more participants did not provide usable eye-tracking data for
classification as sign-trackers or goal-trackers because they did not reach the minimum
fixation threshold (80% of the fixation time on the regions of interest; Cherkasova et al.,
2024). Six additional participants were hence recruited to reach the planned sample size of
60 participants (30 females, mean age = 24.2; sd = 4.34 years; mean education = 16.4; sd

= 1.9 years). The study was conducted in accordance with institutional guidelines and the
1964 Declaration of Helsinki and was approved by the Bioethics Committee of the University
of Bologna (Prot. 201070, 24/09/2020).

Experimental Paradigm

We used a modified PIT paradigm (Cartoni et al., 2016), adapted from (Degni et al., 2025).
The task involved three consecutive phases: Pavlovian learning phase, in which participants
learned CS-outcome associations; Instrumental learning phase, in which participants
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learned response-outcome associations; Transfer phase, in which Pavlovian bias on
instrumental responses was tested.

An image of a slot-machine on a grey background was presented during all task phases,
composed of two displays on the top and bottom and a fixation cross in the center (Figure
1). During the instrumental and transfer phases, two levers appeared, respectively on the
right and left of the slot-machine, to represent the two available instrumental actions (Figure
1b,c). The task was programmed and run on OpenSesame v3.2 (Mathét et al., 2012).

Pavlovian learning phase

In the Pavlovian learning phase, participants learned the associations between three CSs
(i.e., fractal images balanced for luminance, complexity, and color saturation (Finke et al.,
2021) and three corresponding outcomes. Two CSs were used as CSs+ (CS+1 and CS+2).
In 80% of the trials, these CSs were respectively associated with two different rewarding
outcomes (O1 and O2), which were highly and equally desirable food snacks tailored to each
participant (Garofalo & di Pellegrino, 2015). In the remaining 20% of the trials, these CSs were
associated with a non-rewarding outcome ("X"). The third CS served as CS-, associated with
the non-rewarding outcome ("X") in all trials. The association between CSs and outcomes
was counterbalanced across participants. On each trial (Figure 1a), an empty slot-machine
was presented in the center of the screen (Intertrial Interval, ITI, 5000-6000 ms). Then, one
of the three CSs appeared on its upper display for 5000 ms, followed by the image of the
corresponding outcome (1000 ms) in the lower display, while the CS remained stable on the
upper display. No levers were presented during this phase.

A series of blocks, each composed of 30 trials (i.e., 10 trials for each CS), were repeated

until a learning criterion was achieved. Each block had an average duration of 6 minutes,
followed by multiple-choice questions presented on the display to ensure that all CS-
outcome associations were correctly established (i.e., “What food did you earn with this
stimulus?”, repeated for each CS). The learning criterion consisted of correctly reporting the
association between the three CSs and the three outcomes two times in a row. If the learning
criterion was achieved, the participant moved on to the following phase; otherwise, the task
was aborted after 4 wrong answers (i.e., from a minimum of 2 blocks to a maximum of 8).

Before this phase, a liking Likert scale ranging from 0 (not at all)to 9 (very much) was
presented on the display to ensure comparable motivational value of the outcomes
previously chosen by the participant, with two questions for each food snack: “How much do
you usually enjoy eating it?” (i.e., general liking) and “How much would you like to eat it

now?” (i.e., current wanting). Before and after this phase, the same liking 9-point Likert scale
was presented for each of the three CSs, with the question “How much do you like this
stimulus?” to ensure (a) that the CSs had comparable at the beginning of the experiment,

and (b) that the acquisition of Pavlovian learning was effective at the end of the phase.

Instrumental learning phase

In the Instrumental learning phase, participants learned the association between two
responses (R1 or Rz) and two corresponding rewarding outcomes (O1 and Oz2). Crucially, the
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task was structured such that participants had to learn an optimal decision-making strategy,
i.e. the strategy that allowed maximizing the amount of reward earned.

On each trial (Figure 1b), an empty slot-machine was presented in the center of the display
(IT1, 500-1500 ms). Then, two levers appeared respectively on the left and right side of the
slot-machine, until the participant’s response. The responses consisted of choosing one of
the two levers presented on the display, that could be selected through two computer keys
(i.e., “z” for the left and “m” for the right lever of the slot-machine). To avoid distraction and
provide time pressure, participants were told to choose quickly after the appearance of the
levers (which served as a “go” signal), otherwise, no outcome would appear, and the trial
was aborted (Daw et al.,, 2011). If participants chose within 2000 ms, the selected lever
lowered, and the image of the corresponding outcome appeared in the lower display (1000
ms). For each response (R 1 and Rz, left or right buttons counterbalanced between
participants), the rewarding outcomes were the same O and O rewards used in the
Pavlovian learning phase, respectively. In the non-reinforced trials, a non-rewarding
outcome (“X”) was presented. Crucially, an imbalance in the probability of obtaining the two
outcomes was introduced: choosing R1 (rich option) allowed to obtain Or with a 70%
probability, whereas choosing R2 (poor option) allowed to obtain O 2 with a 30% probability.
Moreover, a “baiting rule” was inserted (Bari & Gershman, 2023; Rudebeck et al., 2008; Sugrue
et al., 2004), such that the longer an agent abstained from choosing a particular option, the
greater the probability of receiving a reward for that option. In other words, if an unchosen
option would have been rewarded in that trial, the next time that option was selected the
reward probability was 100%. Under these circumstances, the probabilistic strategy that
allowed to maximize rewards (i.e., the optimal strategy) corresponds to matching: pressing
R1in 70% of trials and R in 30% of trials (Soltani & Wang, 2006; Sugrue et al., 2004). Moving
away from this strategy would constitute suboptimal behavior.

A series of blocks composed of 50 trials were structured to be repeated until a learning
criterion was achieved. Each block had an average duration of 3 minutes, followed by
multiple-choice questions presented on the display to ensure that all response-outcome
associations were correctly established (i.e., “What food did you earn by pressing this
lever?”, repeated for each lever). The learning criterion consisted of correctly reporting the
association between the two responses and the two outcomes two times in a row. If the
learning criterion was achieved, the participant moved on to the following phase; otherwise,
the task was aborted after four wrong answers (i.e., from a minimum of 2 blocks and a
maximum of 8).

Transfer phase

The transfer phase was similar to the instrumental learning phase, with the addition of a
component to test the influence of the CSs on decision making. As in the instrumental
learning phase, on each trial, an empty slot-machine (Figure 1c) was presented (ITI 500-
1500 ms), and the appearance of the two levers served as “go-signal” to choose quickly
(within 2000 ms). Unlike the instrumental learning phase, however, one of the three CSs
previously shown during the Pavlovian learning phase could be presented simultaneously

with the appearance of the levers in the upper display of the slot machine.
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After each choice, the corresponding outcome appeared on the lower display of the slot
machine. Importantly, the probability of obtaining rewards was the same as the instrumental
learning phase (i.e., 70% by choosing R 1, 30% by choosing R2, with the insertion of the same
baiting rule), and the CSs were irrelevant for the task. Hence, the optimal decision-making
strategy still consisted of pressing R1 in the 70% of trials and Rz2in the 30% of trials,
independently of the CSs. The transfer phase consisted of a single block composed of 30
trials for each CS and 30 trials for the “No cue” condition (i.e., no CSs appear simultaneously
with levers, equal to the instrumental learning phase), for a total of 120 trials.

Experimental procedure

Participants were instructed to refrain from eating for 3 hours prior to the experiment. Upon
arriving at the laboratory, they signed the informed consent form. Subsequently, two
rewarding outcomes were tailored for each participant evaluating their subjective liking for 9
different foods (4 savory foods and 5 sweet foods) on a 5-point Likert scale ranging from 0
(not at all) to 5 (very much). Two foods equally valued were then selected as rewards and
the same images were used as outcomes in the experiment. Participants were also asked

to rate the current level of hunger from 0 (not at all) to 9 (very much), to ensure a high hunger
state (30 Sign-trackers: M = 5.5, SD = 1.9; 30 Goal-trackers: M = 6.6, SD = 1.6). Following
this, participants were comfortably seated in a quiet room, positioned centrally in front of a
computer screen at 60 cm viewing distance. The foods previously selected were placed on
the table to guarantee high motivation throughout the task (Bushong et al., 2010). Then, the
eye-tracker was head-mounted on the participant, ensuring a comfortable position and
stability during the task through a forehead-chin support placed on the table.

Participants were informed that the number of food pictures visualized during the entire task
would be proportional to the amount of food that they would receive after the experiment.
They were required to pay attention and follow the instructions reported on the screen.
Additionally, they were informed that their responses to the questions presented at the end

of each block should be verbalized and selected by the experimenter to ensure the stability

of the eye-tracker, which could partially obstruct the keyboard from view.

The entire experimental session lasted approximately 1 hour, the experimenter remained in
the room to monitor the participant’s performance and check for the correct eye-tracker
position throughout the experiment. Furthermore, although the instructions were displayed

at the beginning of each phase, the experimenter also provided a brief summary to ensure
participants fully understood the task. Before the Pavlovian and instrumental learning
phases, four example trials were conducted to further ensure comprehension. At the end of
the experiment, participants were provided with at least one of each previously selected
reward (i.e., at least two distinct rewards).

Eye-tracking analysis

Eye movements and pupil diameter were recorded with a 2D Eye-Tracker device (Chronos
Vision GmbH, Berlin, Germany) at a sampling rate of 200 Hz during the Pavlovian learning
phase. The system allows measuring horizontal and vertical movements and consists of two
remote cameras that trace the outline of the pupil by means of digital image processing



271 (online 2D, 11 bit output range) of the eyes that are illuminated by infrared LEDs (940 nm).
272 The measurement range, both horizontal and vertical, is between —40° and +40°, with a

273  resolution of < 0.05° and a measurement error minor than 0.2°. This device delivers binocular
274  data. Since eyes move together under most circumstances, we selected for each participant
275 the signal from the eye that delivered the best accuracy (Carter & Luke, 2020; Hooge et al.,
276 2019), i.e. the eye with the minor number of missing data (left eye: N = 34; right eye: N = 26).
277  The 5-point calibration of the eye-tracker was performed after the Pavlovian learning phase
278 (Hooge et al., 2019). Before the Pavlovian learning phase, participants were instructed to

279 fixate a central fixation cross when no stimuli were presented on the screen (ITl). This
280 ensured correct classification of sign- and goal-trackers by preventing initial shifts of attention
281 towards the sign or goal.

282  For gaze data analysis, the raw signal from the Pavlovian learning phase was segmented
283 into epochs of 10 seconds centered around the moment of CS appearance (5 seconds of ITI
284 and 5 seconds of CS presentation). The first second after the presentation of the CS was

285 excluded from each trial to exclude the orienting response and pupil light reflex (Gottlieb,

286  2012; Pietrock et al., 2019). Then, the dwell time during the remaining 4 seconds of the CS
287  presentation was used for both the pupil dilation analysis and the classification in sign- and
288  goal-trackers. Importantly, during these seconds only the CS (and not the corresponding

289 reward) was presented on the screen. Three Areas of Interest (Aol) were considered (see
290 Figure 1): two of them were equivalent to the 5 cm upper and lower displays of the slot-

291  machine, respectively reflecting the location of the CS and the location in which the reward
292 would subsequently appear; the third Aol corresponded to the background, i.e., the rest of
293 the screen (Schad et al., 2020). Trials in which participants did not look at the fixation cross
294  during ITI, or at the Aol during CS presentation, were excluded from eye-tracking analysis
295  (number of trials excluded: M = 3.43; SD = 6.04). Dwell time was defined as the amount of
296 time spent within each Aol.

297

298  Pupil dilation analysis

299  Pupil dilation analysis was performed using a customized script running in MATLAB R2024
300 (The MathWorks, Inc., Natick, MA, USA). Our purpose was to assess only the phasic
301 response of the pupil (Calignano et al., 2024; Mathét et al., 2018). Pupil dilation in response
302 to CSs typically reflects the acquisition of incentive value by such stimuli (Manohar & Husain,
303 2015; Schad et al., 2020). We hypothesized that this acquisition should be selective for sign-
304 trackers, as previously demonstrated (Schad et al., 2020).

305 For data preprocessing, we followed a specific pipeline provided by Calignano and

306 colleagues (2024), who adopted a multiverse approach to pupillometry data analysis to
307 explore the role of the preprocessing phase. We started our data processing by excluding

308 missing data points (M = 0.07%, SD = 0.17), resulting from blink artifacts and invalid data

309 during recording. In addition, participants with more than 30% missing data from the total

310 registration were excluded from further analysis. In this case, all participants were included
311 in subsequent analysis.

312  Afterward, we selected only the data within the three Aols described above. Additionally,

313 trials in which data were not recorded for at least 200ms consecutively were discarded (M =
314  13.3% of total trials, SD = 15.5%) (Mathét, 2018). As a further step, the trial-by-trial data

315 were baseline-corrected by taking the median pupil value during the 200ms before the
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stimulus onset and subtracting this value from the raw data Calignano et al., 2024; Mathét
et al., 2018).

Finally, extreme data, namely those over 2 standard deviations above and below the mean,
were excluded (M = 3,8% of total data). Participants with more than 30% extreme values
were excluded. As a result, 2 participants were excluded. Thus, the pupil dilation analysis
concerns a sample of 58 participants.

Gaze index analysis and sign-trackers vs. goal-trackers categorization

Participants were categorized into sign-trackers and goal-trackers based on the time
allocated towards the location of the CS and the location of the reward during the CS
presentation in the Pavlovian learning phase. Only the CSs+ trials (Cherkasova et al., 2024;
Garofalo & di Pellegrino, 2015; Schad et al., 2020)from the second half of the task (Garofalo & di
Pellegrino, 2015) were considered to compute the gaze index.

The gaze index was calculated based on the dwell time spent on the CS location minus the
dwell time spent on the reward location, divided by the sum of the dwell time spent on the
CS location, the reward location, and the background (Garofalo & di Pellegrino 2015; Schad
et al., 2020):

Sign—Goal

(1) Gaze index = Sign + Goal+ Background

Therefore, the gaze index was 1 if the entire time was spent looking at the CS, and -1 if the
entire time was spent looking at the reward. In other words, the closer to 1 the gaze index,
the higher the sign-tracking behavior. Based on this index, the top and bottom 50% of the
participants were respectively categorized as sign-trackers and goal-trackers (sign-trackers
gaze index: M = 0.88; SD = 0.09; goal-trackers gaze index: M = 0.35; SD = 0.25).
Furthermore, to confirm that the gaze index reflected a learned reward-related response
rather than a mere attentional bias (i.e. gazing more towards the top vs bottom of the screen
(Degni & Garofalo, 2025), the same gaze index was calculated for the CS- and compared to
the CS+ index in sign- and goal-trackers.

Computational models

We used data from all three phases of the experiment to fit participants’ responses during
the transfer phase to various models (see below). Each model’s free parameters were fitted
to the trial-by-trial responses of individual participants through the maximum posterior
estimation method (Gershman, 2016). This procedure involved finding the set of parameters
that maximized the likelihood of each participant’s trial-by-trial responses, given the model,
while being constrained by a regularizing prior. The parameters were estimated using the
mfit toolbox (https://qgithub.com/sjgershm/mfit).

i. Pearce-hall associability model. In this model, estimates of associations between CSs,
responses, and rewards were updated based on reward prediction error and a dynamic
learning rate. More specifically trial-by-trial prediction error (PE) was computed as follows
(Li etal., 2011; Pearce & Hall, 1980):

(2) PEZOt_Vt



357
358

359

360
361
362

363
364
365
366
367
368
369
370
371
372
373

374

375
376
377
378
379
380
381
382
383

384

385
386
387
388

389
390

391

392
393
394

395
396
397

where Ot is the outcome at trial t and V tis the CS or response associative value at trial t.
The PE was then used to update the CS or response associative value:

(3) Vivq1 =V, + |PE| * PE

where Vi+1 represents the updated CS or response associative value. Here the learning
rate is computed as the absolute value of the PE, making it possible to update the learning
rate trial-by-trial based on the difference between expected and actual reward.

During the Pavlovian learning phase, the values of the three CSs started from 0 and were
updated separately: CS+ 1 with O 1, CS+2 with O 2, and CS- with nothing. The values were
computed based on the sequence of rewards received on a trial-by-trial basis during
Pavlovian and instrumental learning phases to obtain the most realistic values at the start of
the transfer phase. During the instrumental learning phase, the values of responses R1 and
R2 were updated similarly, with R 1 associated with O 1 and R 2 associated with O 2. In the
transfer phase, when a reward was (or was not) obtained, the values of both the response
and the CS were updated accordingly. Crucially, in this phase, each CS could be associated
with the value of either O1 or Oz, based on the response provided. Finally, instrumental and
the Pavlovian values were combined linearly (Gershman et al., 2021) to obtain an overall
value in each trial:

4) WR= VR *(1—-w))+ (VCS, * w)

where WR represents the weighted value of the response (computed separately for R1 and
R2), VR the value of the response (R1 or R2), VCSc the value of the current CS for the same
outcome of the response (O 1 for R1 and Oz for R2), and w a free parameter which weights
CS versus response associative value. In all subsequent RL models, w operated in the same
way as in this equation, with the exception of the “Rescorla—Wagner model with dynamic w
between CS and instrumental value based on baseline arbitration oscillation,” where w was
updated according to the specific equations reported in that section. The likelihood was
calculated through the softmax function which normalizes stimulus and response values into
stochastic choice probability (Luce, 1959) as follows:

(6) PR = s

exp(B*WR 1)+exp(B+WR 2)

where p(Rc) represents the probability of choosing the current response (R 1 or R2), WRc is
the weighted value of the current response (WR1 or WRz2), WR1 is the weighted value of R1,
WR:2 is the weighted value of R2 and [3 a free parameter standing for the inverse temperature,
i.e. the exploitation/exploration balance.

ii. Rescorla-Wagner model. In this model, the estimate of the CS or response associative
value was updated as according to the Rescorla-Wagner rule (Wagner & Rescorla, 1972):

Where a is a free parameter for the learning rate, computed separately for CSs (a rav) and
responses (ains). Thus, in this case, the weight given to PE is considered fixed. The rest of
the code is identical to the model we used in the previous section.

iii. Rescorla-Wagner model incorporating coupled learning for response value. This
model, which was based on the RL model, associations between responses, and rewards
were updated using an additional assumption about the nature of prediction error. More
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specifically, this model involved two prediction errors, one for the chosen (PE ¢) and one for
the unchosen (PEu) options (Lohrenz et al., 2007):

(7) PEC = Ot - VRct
(8) PE, =(1—0,) —VRy

Where VRct is the value at trial t of the chosen option and VR ut is the value at trial t of the
unchosen option. Then, response associative values were updated separately:

(9) VRet+1 =VR +a* PE,

Other aspects of this model was identical to the standard Rescorla-Wagner model including
how CS values were updated.

iv. Rescorla-Wagner model with dynamic arbitration between cs and instrumental
value. In this model, we used a set of equations that adaptively adjusted the weight (w)
assigned to the CS associative value relative to the response associative value. At the
beginning of the transfer phase, w was initialized at 0.5, indicating equal weighting between
the CS and response values. When participants showed a stronger reliance on the CS
associative value (i.e., w > 0.5), the prediction error for w was computed as the difference
between the obtained outcome (@) and the current w. Conversely, when the response
associative value was more influential (i.e., w < 0.5), the prediction error was calculated as

the difference between the complement of the outcome (1 - O,) and w. This rule was
implemented because if only strict inequalities (w > 0.5 and w < 0.5) were used, then when

w = 0.5 at initialization the update would not occur, leading to w being stuck at this value. In
practice, however, values equal to exactly 0.5 are extremely rare beyond initialization due

to the continuous update process, so this adjustment ensures that w remains dynamically
updated throughout the task. This prediction error was then scaled by a learning rate
parameter (y) and used to update w over trials:

(11) wPE=0,-w, (ifw> 05)
(12) wPE=(1-0,)—w,(if o< 0.5)
(13) (l)t+1 =wt +)/*a)PE

Using this framework, when a participant relied more on the CS associative value and
received a reward, w increased; if no reward was received, w decreased. The opposite
pattern emerged when the response value was more heavily weighted: w decreased after
rewarded outcomes and increased when no reward was delivered. The rationale for this
mechanism is to reflect an adaptive arbitration process, allowing the model to flexibly shift
control between Pavlovian and instrumental systems based on ongoing feedback and prior
reliance. When Pavlovian values dominate, outcomes reinforce or weaken confidence in
cue-driven decision-making; when instrumental values dominate, feedback adjusts the
weighting in the opposite direction. The remaining components of the model followed the
standard Rescorla-Wagner formulation used in the previous section.

v. Rescorla-Wagner model with dynamic arbitration between CS and instrumental
value starting with free-parameter. This model used the same equations of the previous
model to estimate the arbitration updating based on response and CS associative value
during the transfer phase. The only difference is that, in the first trial, w is computed fitting

as free-parameter y, indicating that the weight of evidence for w is based on its baseline
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value. The rest of the code is identical to the standard Rescorla-Wagner model we used in
the previous section.

vi. Rescorla-Wagner model with dynamic w between CS and instrumental value based
on cs and response value reliability starting with free-parameter. This model used the
same equations of the previous model to estimate the arbitration updating based on
response and CS associative value during the transfer phase. The first was used when the
associative value of the CS was lower than the associative value of the response. Using
these equations, when a participant considers the CS associative value higher than the
response associative value (CS Value > response value) and obtains a reward the value w
increases, while if no reward is obtained it decreases. Vice versa, when a participant
considers the response associative value higher than the CS associative value (CS Value <
response value) and obtains a reward w decreases, while if no reward is obtained in this
case w increases. The rest of the code is identical to the Rescorla-Wagner model with
dynamic arbitration between CS and instrumental value starting with the free-parameter we
used in the previous section.

vii. Rescorla-Wagner model with dynamic w between CS and instrumental value
based on prediction error reliability starting with free-parameter. This model used the
same equations of the previous model to estimate the arbitration updating based on
response and CS associative value during the transfer phase. The first was used when the
absolute value of the prediction error for the CS was lower than the absolute value of the
prediction error for the response. Using these equations, when a participant considers the
CS more reliable than the response, i.e. when the prediction errors for CS are smaller (|CS
PE|<|response PE]|), and obtains a reward the value w increases, while if no reward is
obtained it decreases. Vice versa, when a participant considers the response more reliable
than the CS (|CS PE|>|response PE|) and obtains a reward w decreases, while if no reward
is obtained in this case w increases. The rest of the code is identical to the Rescorla-Wagner
model with dynamic arbitration between CS and instrumental value starting with the free-
parameter we used in the previous section.

viii. Rescorla-Wagner model using different learning rates for every experimental
phase. This model used the equations from the standard Rescorla-Wagner model to
estimate the CS or response associative value updating. The only difference is that the
learning rate was computed separately also for the transfer phase, thus using four
parameters for estimating learning rates: one for the Pavlovian learning phase, one for the
instrumental learning phase, and two for the transfer phase (one for updating stimulus
values and the other for updating instrumental response values). The rest of the code is
identical to the standard Rescorla-Wagner model we used in the previous section.

ix. Rescorla-Wagner model differentiating positive and negative prediction errors. In
this model, learning rates were allowed to differ for positive and negative PEs, separately

for CSs and responses. When PE was positive, one equation governed the associative
update, whereas a different one was used when PE was negative, following prior
implementations of asymmetrical learning (Daw et al., 2006; Niv et al., 2012):

(15)  Vigt1 =Vi + ayey * PE(if PE < 0)

Here, twos and aeg are free parameters representing the learning rates for positive and
negative prediction errors, respectively. These parameters were estimated separately for
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CS and response associations. The remaining structure of the model followed the standard
Rescorla-Wagner implementation described in the previous section.

x. Rescorla-Wagner model incorporating coupled learning for response value with
different learning rates. In this model, separate learning rates were used to update the
associative values of chosen and unchosen options. This approach allowed for asymmetric
updating depending on whether an option was selected or not during the trial:

(16) VRct+1 = VRCt + Acpo * PEC
(17) VRut+1 = VRut + Aync * PEu

Here, acho and aunc are free parameters representing the learning rates for the chosen and
unchosen options, respectively. These were estimated separately for CS and response
values. The remaining aspects of the model followed the structure of the Rescorla-Wagner
formulation incorporating coupled learning for response values, as described in the previous
section.

xi. Rescorla-Wagner model with dynamic w between cs and instrumental value based
on baseline arbitration oscillation. In this model, arbitration updating during the transfer
phase was driven by the difference between the associative values of the CS and the
response. The update of the arbitration weight (w) depended on whether the CS value was
higher or lower than the response value on each trial. A passive decay mechanism was also
included to bias w back toward its initial value in the absence of new evidence (Woo et al.,
2024):

(18) ARelt =VCS, — VR,

(19) wip1=wi+y*ARelt * (1 —w;) + 5 * (¥ —w,)(ifVCS; > VR,)
(20) wip1=wi+y*|ARelt| xw, + 6+ (y —w;) (ifVCS; < VR,)
(21) WR=WRx*(1—-w)*(1—p))+ (VCS,; * w * p)

Where y is the baseline model arbitration rate, or w at first trial; d is the passive decay rate
that pulls w toward its initial value y this additional decay mechanism assumes that w
defaults back to its initial bias in the absence of exogenous input signaling the reliability
difference (ARelt); p is a constant measuring the baseline ratio of signals from the stimulus-
based to that from the action-based system independently of time-dependent arbitration
weight w. The rest of the code is identical to the standard Rescorla-Wagner model we used
in the previous section.

All models were fitted to the choice data, and the goodness-of-fit was assessed using both
the Bayesian Information Criterion (BIC) and the Akaike Information Criterion (AIC) to
identify the model that best captured the behavior. We then used the estimated model
parameters from the best-fitting model to investigate differences between sign- and goal-
trackers, which were identified based on gaze data alone.

To ensure the reliability of the estimated model parameters, we performed model recovery
by simulating 1,000 datasets, each containing the same number of participants as the real
dataset and using the same parameter values. We then fitted the model to each simulated
dataset to recover the model parameters. Finally, we performed model validation by
comparing response rates in the transfer phase to confirm that the best model was able to
capture the main aspects of the data.
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Statistical analysis

Data were processed offline using custom-made MATLAB scripts (The MathWorks, Inc.,
Natick, MA, USA) and statistical analyses were performed with RStudio v4.2.1 (RStudio
Team, 2016) and Jasp 0.16 (Love et al., 2019) using a Bayesian inferential approach.

The main goals of our study were to test: (a) differences between sign- and goal-trackers in
terms of maladaptive Pavlovian bias in decision-making, and (b) differences in the weight of
CS associative value versus the CS associative value updating. To this end, we formulated
four potential models (or hypotheses) for (a) and three for (b) (the detailed parameters are
specified in the “results” section). To directly contrast such hypotheses, Bayesian
Informative Hypotheses (Baln) testing was used (Garofalo et al., 2022, 2024), which enables
the comparison of a set of predefined hypotheses through a model selection process, where
each model offers a potential explanation for the phenomenon. For each model, the
corresponding posterior probability (PMP) was determined using the Bayes theorem and
represented as a value between 0 and 1. This value indicates the relative degree of support
for each model based on the observed data and the set of competing hypotheses (the sum

of all posterior model probabilities adds up to one). The model with the highest PMP
represents the hypothesis with the greatest relative likelihood (Gu et al.,, 2019; Hoijtink,
2012; Hoijtink, Gu, et al., 2019; Hoijtink, Mulder, et al., 2019). To further support model
selection, the PMPs can also be compared via Bayes Factor: (a) against the other
hypotheses tested, and (b) against its complement hypothesis (Hc), which represents a
model containing any set of restrictions between the parameters, except the one
represented by the hypothesis being tested.

For all other analyses, Bayesian analyses of variance (ANOVAs) and t-tests were used. The
Bayes Factor (BF10) is reported as the probability of the data under the alternative
hypothesis (H1) over the probability of the data under the null hypothesis (Ho), along with its
estimated proportional error (err%) (Kruschke, 2021). Bayes factor can also be interpreted
in terms of discrete categories of strength of evidence. Following the classification proposed
in literature (Andraszewicz et al., 2015; Lee & Wagenmakers, 2013), the BRo can be placed
on a continuum from “no evidence” (BF10 = 1) to “extreme evidence” (BF1o > 100 for H1, and
BF10< 1/100 for Ho), including “anecdotal evidence” (1 < BF10 < 3 for H1, and 1/3 < BF10 < 1
for Ho), “moderate evidence” (3 < BF 10 < 10 for H 1, and 1/10 < BF 10 < 1/3 for H o), “strong
evidence” (10 < BF 10 < 30 for H 1, and 1/30 < BF 10 < 1/10 for H o), “very strong evidence”
(BF10 > 100 for Hi, and BF10 < 1/100 for H). Normality and sphericity assumption of the data
were visually inspected and verified assessing values of skewness and kurtosis < 2 for all
variables (Hopkins & Weeks, 1990). When assumptions were violated, non-parametric
statistics (Bayesian Mann-Whitney test) were used instead, with Kendall’'s W serving as an
estimate of effect size.

Results

Evidence of overall Pavlovian and instrumental learning.

In the Pavlovian learning phase, all participants (N = 60; 100 %) achieved the learning
criterion. Specifically, 49 participants (81.6 %; 24 sign-trackers; 25 goal-trackers) answered
correctly the CS-outcome associations’ question after the minimum two blocks required. 11
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571  participants (18.3 %; 6 sign-trackers and 5 goal-trackers) provided a wrong answer once
572  and repeated the blocks for a total of three times.

573 In the instrumental learning phase, all participants met the learning criterion after two blocks,
574  as indicated by correctly answering the response-outcome associations question.

575
576  Pavlovian learning reflected in CS liking.

577  We performed a 2x3x2 mixed-measures Bayesian ANOVA with time (pre/post-experiment)
578 and CS (CS+1/CS+2/CS-) as within-subject factors, and group (sign-trackers/goal-trackers)
579  as between-subject factor, using the liking of CSs as dependent variable. Results showed
580 extreme evidence in favor of the alternative hypothesis for the CS by time interaction (BF 10
581 = 2.43x10% err% = 1.54) and the main effect of time (BF10 = 956.67; err% = 0.99), and very
582  strong evidence for the main effect of CS (BF 10 = 30.96; err% = 0.73) (Figure 2a). All other
583 effects showed moderate (main effect of group: BF1o = 0.25; time by group interaction: BF1o
584 =0.21; CS by group interaction: BF 10 = 0.18) or strong (CS by time by group interaction:
585 BF10=0.08) evidence in favor of the null hypothesis. Overall, we found a general increase
586 in liking for CS+1 and CS+2 throughout this phase, which does not occur for CS-, confirming
587 the absence of differences between sign-trackers and goal-trackers in terms of behavioral
588 measures of Pavlovian learning.

589
500 Gaze data reveal group differences in Pavlovian learning.

591  We performed a Bayesian independent samples t-test between sign-trackers and goal-
592  trackers using the difference between CS+ and CS- gaze indices as a dependent variable.

593  Results of this analysis provided moderate evidence in favor of the alternative hypothesis

594 (BF10=8.7; err% < 0.001). Specifically, we found a greater difference in sign-trackers (M =
595 0.02; SD = 0.09) than in goal-trackers (M = -0.1; SD = 0.07), demonstrating that their
596 classification cannot be attributed to a mere attention bias, but reflects reward-related
597 response (Figure 2b). All the eye-tracking results (i.e., gaze index and pupil dilation) refer

598 to the Pavlovian learning phase.

599
600 Pupil dilation data reveal differences in Pavlovian learning.

601  We performed a 3x2 mixed-measures Bayesian ANOVA with CSs (CS+1/CS+2/CS-) as a
602  within-subject factor, and group (sign-trackers/goal-trackers) as a between-subject factor,
603  using the pupil dilation as the dependent variable. This provided strong evidence in favor of
604 the alternative hypothesis for the CS by group interaction (BFio = 19; err% = 1.24), while the
605  main effects of CS (BF10 = 0.06; err% = 0.83) and group (BF10 = 0.50; err% = 2.69) showed
606  respectively strong and anecdotal evidence in favor of the null hypothesis. Overall, we found
607 that sign-trackers discriminated at the psychophysiological level between CSs+ and CS-, in
608  contrast, goal-trackers did not present such an effect (Figure 2c). Thus, in line with the

609 literature, results suggest a greater incentive value attribution to CSs+ in sign-trackers only
610 (Figure 2c).

611
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Similar Instrumental learning by sign- and goal-trackers.

To confirm the acquisition of the optimal decision-making strategy and examine possible
differences between sign-trackers and goal-trackers during the instrumental learning phase,
we performed a 2x2 mixed-measures Bayesian ANOVA with responses (R1/Rz2) as a within-
subject factor and group (sign-trackers/goal-trackers) as a between-subject factor, using the
relative percentage R1 and Rz (over the total) as dependent variable. This analysis provided
extreme evidence in favor of the alternative hypothesis for the main effect of response (BFo
= 2.85x10"7; err% = 1.257), while the main effect of group (BF10 = 0.206; err% = 0.971) and
the response by group interaction (BF1o = 0.473; err% = 1.273) showed respectively
moderate and anecdotal evidence in favor of the null hypothesis (Figure 2d). Overall, results
demonstrate the acquisition of the optimal decision-making strategy by both sign-trackers
and goal-trackers, which consisted of pressing more R1 than Ra2.

Different Pavlovian bias by sign- and goal-trackers during the transfer phase.

To identify possible differences in maladaptive Pavlovian bias in decision-making between
sign-trackers and goal-trackers, we examined performance during the transfer phase by
testing Bayesian Informative Hypotheses on the percentage of R 1 responses (i.e., the rich
option) across the two CSs. Pavlovian bias corresponds to: (a) an increased percentage of
R1 responses in the presence of the CS+ 1, and (b) a reduced percentage of R1 responses
in the presence of the CS+ 2, compared to the two control conditions (CS- and No cue).
Specifically, we formulated four hypotheses to be directly compared.

The first hypothesis posited that only sign-trackers exhibit Pavlovian bias:

H1: [CS+1 > (CS- = No cue) > CS+2]sign-trackers & [CS+1 = CS- = No cue = CS+2]goal-trackers

The second hypothesis posited that only goal-trackers exhibit Pavlovian bias:

H2: [CS+1 = CS- = No cue = CS+2]sign-trackers & [CS+1 > (CS- = No cue) > CS+2]goal-trackers

The third hypothesis posited that both groups exhibit Pavlovian bias:
Hs: [CS+1 > (CS- = No cue) > CS+2]sign-trackers & [CS+1 > (CS- = No cue) > CS+2]goal-trackers

The fourth hypothesis posited that no group exhibits Pavlovian bias:
Ha4: [CS+1 = CS- = No cue = CS+2]sign-trackers & [CS+1 = CS- = No cue = CS+2]goal-trackers

Results revealed that H 1 has the highest relative posterior probability, indicating it as the
strongest hypothesis, both when excluding and including the complement hypothesis H ¢
(Figure 3a; Table 2). Consistently, H1 also had the highest Bayes Factor computed relative
to H2 (BF12 =40.37), Hs (BF13 = 3.37), and H4 (BF14 = 10.48). Visual inspection of the data
confirms that, in the CS+ 1 and control (CS- and No cue) conditions, both groups maintain
the optimal decision-making strategy, consisting of choosing more R1 than Rz (Figure 3b).
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650

651  Crucially, the main differences between the two groups emerge in the presence of the CS+ 2:
652  while goal-trackers exhibited a higher selection of the correct response (R1>R2), sign-
653 trackers showed the maladaptive Pavlovian bias, as evident from an increased percentage
654  of Rz responses compared to the control conditions.

655  The trial-by-trial average response over time further revealed that at the beginning of the

656 transfer phase, both groups were affected by CS+ 2 (increased percentage of R 2) (Figure
657  3c). Subsequently, while goal-trackers rapidly adapted their choices and returned to the

658  optimal decision-making strategy, sign-trackers were not able to overcome the Pavlovian

659 bias, as evidenced by the overlapping confidence intervals for R1 and R 2 responses (Figure
660 3b,c). To further explore this observation, a Bayesian generalized linear mixed model
661  (binomial family, logit link) was fitted to predict participants’ responses (R1/R2) as a function
662  of group (GT vs ST) and trial (1-30) during CS+ 2 trials (Barr et al., 2013). The model used
663 the default auto-scaled weakly informative prior (rstanarm package). Random effects
664 included a random intercept for participants and a random slope for trials (1 + Trial | Subject).
665  The posterior mean of the standard deviation for the two random parameters indicated highly
666  variable baseline response levels between participants (olntercept = 1.087) and low
667  variability between trials (oTrial = 0.052). Diagnostic checks indicated satisfactory
668 convergence and mixing, with the R statistic for all fixed-effect parameters equaling 1.00.
669 The group by trial interaction revealed that the probability of responding R1 increased
670 credibly for GTs (B = 0.043, 95% CI [0.016, 0.071]; credible interval did not include 0),
671  whereas no clear trend was observed for STs (8 = 0.017, 95% CI [-0.011, 0.044]; credible
672 interval included 0). The difference in slopes (AP = 0.026) suggests that GT participants

673  showed a steeper increase in responding over time compared with STs. Overall, the model
674 indicates that GTs were more likely to produce a response and that their performance
675 improved more consistently across trials, whereas STs displayed a flatter learning curve

676  with limited change in response probability over time.

677

678 Computational modeling reveals interaction between Pavlovian and instrumental
679 learning in both groups.

680  To identify possible mechanisms underlying the differences in Pavlovian bias exhibited by
681  participants during the transfer phase, we fitted the choice data on a trial-by-trial basis using
682  various computational models (see Methods for more details). To determine the best-fitting
683 model, we used the Bayesian Information Criterion (BIC) and the Akaike Information
684  Criterion (AIC) as measures of goodness-of-fit (Vrieze, 2012).

685  We found that the best model was the Rescorla-Wagner model with dynamic arbitration

686 between CS and instrumental value, with an initial free parameter for the arbitration weight
687  (Figure 4a,b; Table 1). Additionally, all other models involving dynamic interaction between
688  Pavlovian and instrumental learning showed a goodness-of-fit close to the best-fitting model.
689 Importantly, we performed model recovery and model validation to ensure that the

690 parameters of the best-fitting model could be accurately estimated and that this model
691  captures the main aspects of the behavioral data. For model recovery, we found a significant
692  correlation between the parameters from the real and simulated data (bootstrapping; Figure
693  4c), demonstrating that we were able to estimate the underlying model parameters with
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good accuracy. For model validation, we compared the response rates of simulated and
actual data in the transfer phase and found similar patterns (Figure 4d).

Overall, these results suggest that during the transfer phase, the choice behavior of most
participants was influenced by both Pavlovian cue values learned during the Pavlovian
learning phase and action values learned during the instrumental learning phase, while
these values were updated during the transfer phase.

Slower Pavlovian update in sign-trackers accounts for differences between sign- and
goal-trackers.

To determine the possible mechanisms underlying the observed differences in Pavlovian
bias between sign- and goal-trackers, we compared the estimated model parameters from
the best-fitting model for the two groups. Specifically, we examined two parameters crucial
for testing our hypotheses: the Pavlovian learning rate (a rav) and the y parameter, which
denotes the baseline weighting of Pavlovian cue values relative to instrumental action values
during decision-making in the transfer phase. The Pavlovian learning rate captures the
speed at which the associative value of CSs is updated based on prediction error, with lower
values corresponding to slower or more rigid updating of cue values. In contrast, y captures
the default influence of Pavlovian CS on instrumental behavior, independent of learned
action-outcome contingencies, with higher values indicating a greater reliance on Pavlovian
cue values.

More specifically, we tested four hypotheses using Bayesian Informative Hypotheses
testing. The first hypothesis posited that sign-trackers exhibit a lower a pav compared to goal-
trackers, while the two groups would not differ on y, indicating that the effect is driven by a
slower CS associative value updating in sign-trackers:

Hi1: [GPav]sign-trackers < [GPav]goaI-trackers & [}/]sign-trackers = []/]goal-trackers

The second hypothesis posited no differences in apav between groups, but higher y in sign-
trackers compared to goal-trackers, indicating that the effect is driven by an increased
weight of the CS associative value on instrumental values in sign-trackers:

Ho: [GPav]sign-trackers = [GPav]goaI-trackers & []/]sign-trackers > [}/]goal-trackers

The third hypothesis posited that sign-trackers would exhibit both a lower aprav and a higher
y compared to goal-trackers:

Hs: [(XPav]sign-trackers < [GPav]goaI-trackers & [}/]sign-trackers > []/]goal-trackers
The fourth hypothesis posited no differences between groups in both apav and y:

Ha: [(XPav]sign-trackers = [GPav]goaI-trackers & []/]sign-trackers = []/]goal-trackers

H1 emerged as the strongest hypothesis, demonstrating the highest relative posterior model
probability, even when accounting for Hc (Figure 5a; Table 3). Additionally, H1 showed the
highest Bayes Factor when compared to Hz2(BF12 = 95.344), Hs (BF13 = 8.271), and H4 (BF14
= 10.948). This pattern is also evident when comparing arav and y values for sign- and goal-
trackers (Figure 5b). Model simulations based on the estimated model parameters further
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revealed differences between the two groups, consistent with slower Pavlovian updates in
sign-trackers. More specifically, for sign-trackers, the estimated values of CS+ 2 for O1 and

O2 for O1 and O2 begin to overlap after about 10 presentations of the CS, as indicated by

the convergence of their 95% confidence intervals (Figure 5c¢). In contrast, this overlap
emerges much earlier for goal-trackers, after approximately 5 CS presentations, reflecting
faster updating of outcome-specific values. This pattern is also evident for CS- values, which
stop overlapping after about 13 presentations for sign-trackers and after 5 for goal-trackers.
Moreover, for CS+1, goal-trackers exhibit a steeper increase in the associative value for O2,
suggesting a more rapid updating of the CS—outcome association in this group.

There were no a priori hypotheses regarding the learning rate for response value update
(ains) and the inverse temperature (B, i.e., the trade-off between exploitation and
exploration), or the average effective arbitration weight across trials (w mean). However, as an
exploratory analysis, we tested whether these parameters differed for sign- and goal-
trackers. The rationale for including them is that these indices provide complementary
information on potential group differences in decision processes: a ins captures updating of
instrumental values, B reflects choice stochasticity, and w mean summarizes the effective
arbitration weight applied across transfer trials by integrating both baseline bias and trial-by-
trial updating. The results indicated no significant differences between the two groups for
none of these parameters ( : BF 10 =0.279; W =458 | a ins: BF 10 = 0.307; err% = 0.010 |
Wmean: BF10 = 1.072; err% = 0.009).

Discussion

Using a combination of experimental and computational approaches, here we identified two
distinct patterns of Pavlovian bias between the sign-trackers, who approach reward-
predictive cues, and goal-trackers, who approach the location of reward delivery (Colaizzi

et al.,, 2020; Heck et al., 2024). Experimentally, we used a three-stage Pavlovian-to-
Instrumental Transfer task to test how Pavlovian cues bias participants' choices toward their
associated outcomes, even when these cues were task-irrelevant, during the transfer phase.
Computationally, we developed and tested various mechanistic models to evaluate their
ability to capture choice data and identify potential differences between sign- and goal-
trackers.

Consistent with our hypothesis, sign-trackers exhibited a stronger Pavlovian bias than goal-
trackers. Specifically, during the transfer phase, only sign-trackers increased their selection
of the poor option (R2) when presented with the associated reward-predictive cue (CS+2). In
contrast, goal-trackers maintained their decision-making strategy from the instrumental
learning phase, indicating they were more able to disregard the Pavlovian cues when these
were no longer relevant to reward delivery.

Importantly, both groups successfully learned the optimal (intended as reward gain
maximization) decision-making strategy during the instrumental learning phase. They also
maintained this strategy in all control conditions during the transfer phase, namely, when
presented with the cue associated with the rich option (CS+1), the non-predictive cue (CS-),
or when no cue was presented (No Cue). This indicates that the deviation observed in sign-
trackers during the CS+ 2 condition cannot be explained by a failure to learn or retrieve the
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optimal strategy. Moreover, both groups showed comparable levels of Pavlovian learning,
as they accurately reported CS—outcome associations and rated CS+ cues more favorably.
These results suggest that the observed behavioral bias is not due to differences in
associative learning per se.

In line with previous work (Schad et al., 2020), we observed group differences in terms of
psychophysiological responses during Pavlovian learning: only sign-trackers displayed
greater pupil dilation to reward predictive cues (CS+s) compared to neutral cues (CS-).
Given that pupil dilation reliably reflects the incentive salience attributed to Pavlovian cues
(Finke et al., 2021; Pietrock et al., 2019), this finding supports the view that sign-trackers
assign greater motivational value to CSs (Felix & Flagel, 2024; Robinson & Flagel, 2009).
Moreover, this physiological marker based on pupil dilation provides independent evidence
for the validity of our sign- vs goal-tracker classification based on gaze fixation data.
Critically, the selective acquisition of heightened incentive value in sign-trackers may
underlie their increased susceptibility to maladaptive Pavlovian bias. In this group, cues can
act as “motivational magnets” that capture attention (Le Pelley et al., 2016), which can, in
turn, interfere with the optimal decision-making strategy (Watson et al., 2014) by reactivating
instrumental responses previously paired with those outcomes (Finotti et al., 2025).

Interestingly, a more compelling pattern emerges when examining behavior over time
(Figure 5¢). In the early trials of the transfer phase (~5-8 initial trials), both sign- and goal-
trackers tended to favor the poor option (R2) when presented with its associated cue (CS+2).
This suggests that both groups initially interpreted the cue as potentially informative
(Dorfman & Gershman, 2019), a strategy consistent with previous findings showing that
participants often expect cues to guide reward acquisition (Cartoni et al., 2013). However,

as the task progresses and feedback reveals that the cues are not predictive of choice
outcomes, participants should mainly rely on instrumental values learned earlier. Here, we
found a critical group difference: goal-trackers rapidly adapted and returned to use of those
values, whereas sign-trackers persisted in their maladaptive bias, showing a markedly
slower adjustment. This inflexibility is unique to the CS+2 condition and is absent for all other
control conditions (CS+1, CS—, and No Cue).

Reduction of the impact of Pavlovian cues on decision making can happen in at least two
non-exclusive ways: by reevaluating (or updating) the predictive value of cues, and by
reducing the influence of cue values on choice. Our computational model results provide the
first direct evidence that individual differences in Pavlovian learning styles are linked to an
inflexibility in cue value updates rather than static overvaluation of the Pavlovian cue relative
to instrumental actions. Specifically, sign-trackers exhibited a slower Pavlovian learning rate
than goal-trackers, while showing no difference in the weighting of Pavlovian vs.
instrumental values. Consequently, sign-trackers continued to rely on outdated cue values,
leading to persistent suboptimal choices even when cues are no longer relevant. This
behavioral rigidity aligns with prior findings that sign-trackers are more resistant to extinction
than goal-trackers (Ahrens et al., 2016), suggesting a habitual, reward-independent
behavioral pattern.

Strikingly, this pattern mirrors mechanisms implicated in addiction, where no-longer
predictive cues continue to drive behavior despite adverse consequences (Redish, 2004).
Thus, our findings bridge insight from animal learning theories with human computational
psychiatry and highlight an impaired cue-updating process in the new context as a potential
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diagnostic marker of maladaptive behavior in response to changing environmental
contingencies.

It is important to note that the present task implements an outcome-specific PIT design,
whereas previous studies reporting enhanced PIT effects in sign-trackers (Garofalo & di
Pellegrino, 2015; Schad et al., 2020) primarily assessed general PIT. These two forms of

PIT rely on only partially overlapping neural and cognitive mechanisms (Finotti et al., 2025;
Garofalo et al., 2021; Prévost et al., 2012), making it difficult to establish whether the
mechanism we identified —namely, reduced updating of Pavlovian cue values —represents
a general feature of Pavlovian control or a process specific to outcome-dependent learning.
Another important difference with previous literature is the presence of reward delivery
during the transfer phase. Although it may appear that only our design allows for potential
re-learning of cue—outcome associations, even classical PIT paradigms conducted under
extinction can also be viewed as involving new learning. Indeed, exposure to Pavlovian cues
without reinforcement is known to induce extinction learning that reduces or updates the
acquired value of conditioned stimuli (Domjan, 2005; Pavlov, 1927). From this perspective,
the enhanced general PIT previously reported in sign-trackers could plausibly reflect a
slower extinction —or, equivalently, slower updating—of Pavlovian values, a possibility
consistent with evidence from animal models (Ahrens et al., 2016) and broadly compatible
with our present findings. However, since general and outcome-specific PIT engage distinct
processes, it remains an open question whether these effects stem from a common
underlying mechanism involving Pavlovian value updating or from separate ones. Future
studies will be necessary to resolve this issue.

Taken together, our findings refine the understanding of interindividual differences in
decision-making by showing that vulnerability to Pavlovian bias may stem not from how
Pavlovian associations are formed, but from how flexibly they are updated over time. This
reframes the problem from cue reactivity to the temporal dynamics of cue-reward learning,
offering a novel computational perspective for early risk detection and targeted interventions.
Our study provides a direct experimental link between sign-tracking and suboptimal behavior
in humans, marking a crucial step toward translational applications.

Future research could extend this framework to clinical populations suffering from psychiatric
disorders (Felix & Flagel, 2024), exploring whether learning flexibility can be enhanced
through pharmacologic (Coddington et al., 2023; Grossman et al., 2022), transcranial
(Biernacki et al., 2023; Ke et al., 2019), or cognitive-behavioral (Dercon et al., 2024; Pittig et
al., 2023) interventions aimed at modulating learning rates. Embedding cue value inflexibility
into predictive models of risk may enable personalized, mechanistically grounded psychiatric
care. By identifying a novel computational signature of maladaptive cue reactivity, this work
offers a potential biomarker for disorders characterized by disrupted Pavlovian control, such
as addiction and impulse-control conditions. Bridging psychophysiology, behavioral
neuroscience, and computational psychiatry, our findings lay the ground for targeted, early
interventions based on individual profiles of cue sensitivity and learning dynamics.
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Figure 1. lllustration of the Pavlovian-to-Instrumental Transfer task. (a) Pavlovian
learning phase. Participants underwent a series of trials where, following a 5000 ms intertrial
interval (ITl), one of three CSs was displayed in the upper display of the slot-machine.
Subsequently, the associated outcomes were presented in the lower display. Of the three
CSs, two were linked to distinct rewarding outcomes (O 1 and O2), while the third control CS
(CS-) was paired with a non-rewarding outcome. Participants had to learn the CS-outcome
associations. (b) Instrumental learning phase. Following an intertrial interval (ITl) ranging
from 500 to 1500 ms, two levers appeared on either side of the slot-machine (R 1 and R2),
and participants had the opportunity to obtain two outcomes (O1and O:2) by pressing
respectively R1 or Rz. R1 led to O1 with a 70% chance, while R2 led to O 2 with a 30% chance.
The optimal decision-making strategy consisted of pressing more R 1 than R 2, because of the
insertion of a “baiting rule”, such that the longer the participant abstained from choosing a
particular option, the greater the probability of receiving a reward for that option. (c) Transfer
phase. Following an intertrial interval (ITl) of 500-1500 ms, one of the three CSs was
presented alongside two levers on the left and right sides of the slot machine. Participants
could collect two different outcomes (O 1 and O2) by pressing these levers (R1 and Rz2). The
outcomes remained visible for 1000 ms. The probability of obtaining the two outcomes
remained the same as the instrumental learning phase (R 1 = 70%; R2 = 30%, with the baiting
rule), independently of the cue presented.

Figure 2. Acquisition of Pavlovian and instrumental learning sign- and goal-trackers.

(a) Explicit liking scores before and after Pavlovian learning for CS+1 (black dots), CS+2
(black squares), and CS- (black triangles). Vertical bars represent their 95% credible
intervals. Overall, data show an increase in liking for CS+1 and CS+2 after Pavlovian learning
in both sign- and goal-trackers which is not confirmed for CS-. (b) Delta gaze index (CS+
minus CS-) for sign-trackers (white dot) and goal-trackers (black dot). Vertical bars
represent 95% credible intervals. Overall, data show that sign-trackers exhibit a positive

delta (greater gaze index toward CS+) whereas goal-trackers show a negative delta (greater
gaze index toward CS-). (c) Pupil dilation (baseline corrected in response to CS+1, CS+2,

and CS- in sign-trackers (ST, white dots) and goal-trackers (GT, black dots) during
Pavlovian learning. Vertical bars represent 95% credible intervals. Overall, an increase to
CSs+ compared to CS- is observed only in sign-trackers. (c) Percentage of trial-by-trial
responses during instrumental learning, separately for sign-trackers (left) and goal-trackers
(right). The y-axis represents the percentage of R1 (continuous red line) and Rz (continuous
blue line) throughout the task. The shaded regions reflect their 95% confidence interval
across participants for each response. Dashed lines represent the expected matching for R
(70%) and R2 (30%). Data are smoothed using a 5-trial moving average. Overall, the figure
shows how both groups learned the optimal decision-making strategy throughout the task,
increasing the percentage of R1.

Figure 3. Pavlovian bias in decision-making in sign- and goal-trackers. (a) Posterior
model probabilities (PMPc) associated with the four hypotheses (H 1, H2, Hs, H4), together
with the complement hypothesis (Hc). (b) R1 (red) and Rz (blue) percentages in the four CS
conditions. Colored dots represent group means, and colored vertical bars represent 95%
confidence intervals. Overall, results show maladaptive Pavlovian bias only in sign-trackers
(higher posterior model probability for H 1, i.e., reduced percentage of R 1 selectively in the
CS+2 condition). (c) Trial-by-trial percentage of R1 (continuous red line) and Rz (continuous
blue line) throughout the task for each CS. The shaded regions reflect the 95% confidence
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interval across participants for each response. Dashed lines represent the expected
matching for R 1 (70%) and R 2 (30%). Data are smoothed using a 5-trial moving average.
Overall, results show that the difference between sign-trackers and goal-trackers emerges
only in the CS+2 condition, particularly as time progresses.

Figure 4. Goodness-of-fit for various computational models, model recovery, and
model validation. (a) Bayesian information criteria for different reinforcement learning
models. (b) Akaike information criteria for different reinforcement learning models. (c) Model
recovery. Plots show the correlations between estimated and actual model parameters,
separately for each free parameter of the best model. (d) Model validation. Plots show the
percentage of R1 (red) and R2 (blue) responses for simulated and real data, separately for
the four transfer phase conditions. Larger dots represent means, and vertical bars represent
standard deviations.

Figure 5. Model estimated parameters. (a) Posterior model probabilities associated with
the four hypotheses (H1, Hz, H3, and Ha4), together with the complement hypothesis (Hc). (b)
Estimated y and aPav from the best-fitting model for individual participants (gray dots),
separately for sign-trackers and goal-trackers. Black dots represent means, and vertical bars
represent 95% confidence intervals. (c) Time course of the estimated CS values for O1 (red)
and O2 (blue) during the transfer phase, separately for sign- and goal-trackers. Shaded areas
represent the 95% confidence intervals.
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Table 1. Comparison criteria for different reinforcement learning models

Model Parameters AIC AlC- BIC BIC-
min(AIC) min(BIC)
i. Pearce-Hall 2 173.98 13.87 179.76 8.10
i. Rescorla-Wagner 4 162.02 1.91 173.58 1.91
ii. Coupled 4 162.26 2.15 173.81 2.15
iv. Dynamic w 4 160.87 0.76 172.42 0.76
v. Dynamicw -y 4 160.11 0 171.66 0
vi. Dynamic value w - 4 160.21 0.10 171.76 0.10
Y
vi. Dynamic PE w - y 4 160.71 0.60 172.26 0.60
vii. Divided by phase 6 162.19 2.08 179.52 7.86
ix. Rescorla-Wagner + 6 172.69 12.58 190.02 18.36
x. Coupled cho - unc 6 165.60 5.49 182.93 11.27
xi. Dynamic w - p 6 164.00 3.89 181.34 9.67

Note: AIC = Akaike information criteria; BIC = Bayesian information criteria
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1241  Table 2. Bayesian informative hypothesis

Hypothesis BFc PMPa PMPc
H1 54.292 0.706 0.698
H2 1.32 0.017 0.017
Hs 18.108 0.209 0.207
Ha 5.088 0.067 0.067
Hec 0.011

1242 Note: H: = complement hypothesis; BFc = Bayes Factor versus H,; PMPa = posterior model
1243 probability excluding Hc; PMPc = posterior model probability including Hc

1244

1245
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1246  Table 3. Bayesian informative hypothesis

Hypothesis BFc PMPa PMPc
H1 9.453 0.818 0.756
H2 0.099 0.009 0.008
Hs 1.203 0.099 0.091
Ha 0.863 0.075 0.069
Hec 0.076

1247  Note: H: = complement hypothesis; BFc = Bayes Factor versus H,; PMPa = posterior model
1248  probability excluding Hc; PMPc = posterior model probability including Hc

1249

1250
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