
Donders Graduate School for Cognitive Neuroscience 

Master of Science Programme 

MSc Thesis 

 

Student name: Jesse van der Spek 

Student number: s1035795 

 

 

 

 

 

 

 

Neural oscillatory mechanisms of adapting motivational biases to aid action selection 

by 

Jesse van der Spek 

 

 

 

 

Supervised by Dr. H.E.M. den Ouden & J. Algermissen 

Second reader: Dr. L. Verhagen 

 

Radboud University Nijmegen 

Nijmegen, August 29th, 2021 

  



2 
 

Abstract 

The valence of anticipated outcomes exerts control over behavior, associating the prospect 

of reward with approach and the prospect of punishment with inhibition. Traditionally, 

literature focuses on how to overcome these so-called motivational biases in conflict 

situations, while this study investigates potential benefits by exploring whether action plans 

influence what you attend to, and whether what you attend to influences ultimate action 

execution. In two separate studies, we used eye-tracking (N=35) and 

magnetoencephalography (MEG) recordings (N=13) with a Go/NoGo learning task, in which 

a delay between cue presentation and action execution enabled us to closely examine the 

relationship between spatial attention to valence-related information and action preparation. 

Results from the eye-tracking study show that subjects seek out information based on their 

action goals. In turn, subjects’ choice behavior was influenced by the information they 

attended. These results show that the causal relationship between action preparation and 

spatial attention changes over time. It is important to consider the temporal-dependency of 

the direction of this relationship. However, no clear interaction between occipital alpha 

oscillations (as a neural index for spatial attention) and sensorimotor beta oscillations (as a 

neural index for action preparation/execution) was established. Future research should focus 

on establishing a clearer view of the relationship between the neural underpinnings of 

attention and action and aim to identify helpful situations to harness benefits of motivational 

biases. 
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Introduction 

Typically, when confronted with a punishment, we tend to automatically hold back. When facing 
a promise of reward, there is a strong automatic urge to approach. Even the mere prospect of 
reward and punishment, in the form of cues, biases our action selection, leading to approach 
when there is the chance for rewards and leading to inhibition when there is the chance for 
punishment (Dayan et al., 2006; Guitart-Masip et al., 2014). These ‘motivational biases’ of 
behavior are considered to show hard-wired, Pavlovian effects, arising from learned stimulus-
associated outcome predictions (Cardinal et al., 2002). Motivational biases are a highly 
relevant topic of study because they are implicated in neuropsychiatric disorders and are 
occurring on a daily basis in our lives (e.g., addiction and depression; Flagel et al., 2011; Dayan 
& Huys, 2008; Nord et al., 2018). Most literature focuses on the downsides these biases confer, 
emphasizing negative aspects in situations where they are in conflict with action requirements 
(e.g., Hershberger, 1986; Holland, 1979; Dayan & Balleine, 2002; Cavanagh et al., 2013; Swart 
et al., 2018). This line of research suggests that biases often hinder humans from reaching 
their goals and focuses on adaptively suppressing the biases. However, it is less clear whether 
in some specific situations, adaptively recruiting the biases might help people reach their goal. 
Potentially, motivational biases can be employed and used in an adaptive way, to invigorate 
action in particular situations, while suppressing it in others. In this study we ask whether 
people can indeed adaptively recruit motivational biases by detecting situations where the bias 
is helpful and then attend to information that may evoke or strengthen the bias. 

 
Humans might regulate the impact of motivational biases on their behavior by selectively 
exposing themselves to rewarding or punishing information. Selective attention might play an 
important, modulating role in this process. If the prospect of rewards can elicit active 
responding, then shifting attention to representations of these future rewards when an active 
response is required, might possibly help to execute this response. During decision-making, 
people sample information from the environment to arrive at an informed decision. However, 
before sampling information, people need to decide what information to attend to in the first 
place. Krajbich et al. (2011) report that eye gaze influences your choice, where items that are 
fixated more are more likely to be chosen. However, it is also probable that the process of 
planning an action influences eye gaze and attention allocation. This idea is formalized in the 
pre-motor theory of attention, stating that when we internally shift our attention to something, 
the brain already engages a motor plan to move to engage with that thing beforehand, 
‘reducing’ spatial attention to activation of sensorimotor circuits (Rizzolatti et al., 1987; Fagioli 
et al., 2007; Craighero & Rizzolatti, 2005). Since it remains unclear how attention to rewards 
and punishments (in the context of motivational biases) and action planning are exactly 
influencing each other during decision-making, this study aims to shed light on this relationship 
between attention and action preparation and their neural mechanisms. Specifically, this study 
examines selective attention to value information and how this attention is influenced by 
knowing what action one should make. In turn, selective attention to value 
(reward/punishment-related) information might influence the actions that one makes. 

 
To study whether what people attend to influences their actions, we need to identify what they 
attend to. Attention allocation can be studied using an eye-tracking device, which provides 
information on different aspects of eye gaze, such as what we look at first, and how long we 
look at it for. This can help us test whether people indeed selectively attend to value 
information, influenced by knowing what action to make. In turn, it can help us test whether 
this selective attention influences the actions that one makes. However, eye-tracking can only 
reveal what people look at overtly. Although looking at something might be a good indicator of 
attention, it is not a pure index of what people actually process and attend to. Looking out a 
window does not mean you are paying attention to the street; you may just be thinking about 
a particular paper that you just read. Neuroimaging of visual cortices can reveal what 
information people process in depth. Additionally, neuroimaging provides considerably more 
information about the build-up and time-course of the decision-making process than only 
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recording behavioral responses. These temporal dynamics allow us to see the decision of what 
to visually attend to ‘evolve’ over time. Occipital alpha oscillations can be used as a neural 
index of spatial attention to the left or right visual field (Jensen & Mazaheri, 2010; Marshall et 
al., 2018), acting as a filter by enhancing relevant and suppressing irrelevant information 
(Zhigalov & Jensen, 2020). More specifically, when people attend to one visual hemifield, 
occipital alpha oscillations decrease contralaterally to the attended hemifield (Sauseng et al., 
2005). Thus, the level of occipital alpha lateralization reveals which side of the visual field is 
(covertly) attended.  
 
The temporal dynamics of neuroimaging also allow us to see the decision of what action to 
prepare ‘evolve’ over time. This is a much more powerful tool of studying action preparation 
than only considering the executed action, since the build-up towards this ultimate choice might 
alter and hold much more information. Beta oscillations are a suitable neural index of action 
preparation, providing insight into the entire build-up towards the response. When people 
prepare for a motor action, beta oscillations decrease in motor areas compared to baseline 
(Salmelin & Hari, 1994; Fischer et al., 2018), while conversely, beta oscillations increase when 
the status quo is maintained (Engel & Fries, 2010). As beta frequency predicts subjects' 
choices already several seconds before overt manual response (Donner et al. 2012), the 
trajectory of beta oscillations during the different stages of a decision-making task can indeed 
be a powerful tool to study action preparation.  
 
Participants perform a Go/NoGo learning task. By trial-and-error, subjects learn whether 
particular cues require a button press (i.e., “Go” stimulus) or no button press (i.e., “NoGo” 
stimulus), in order to earn rewards and avoid punishments. In between the cue presentation 
phase and action execution phase, subjects can view the potential rewards and punishments. 
Because this valence-related information is presented between the onset of action preparation 
and actual action execution, this task allows us to test the following hypotheses: i) cues that 
signal what action needs to be performed, influence which information we attend to. 
Specifically, when a cue signals we should perform an action, we are we more likely to attend 
to the potential rewarding outcome, while when a cue signals we need to hold back, we are 
attending more to the potential negative outcome of a wrong response. This informs us about 
the influence of action preparation on attention and hypothetically follows the known Pavlovian 
motivation-action coupling as described above. ii) Attention to valence-related information in 
turn biases behavior. In other words, the action we ultimately execute (Go/NoGo) is influenced 
by the valence of the attended information (rewards/punishments).  
 
This study presents two empirical datasets. In the first dataset, using eye-tracking, we have 
specific predictions about the location of eye gaze during each condition that would confirm 
our hypotheses. For hypothesis i), we predict when people are required to make a Go action, 
they are more likely to first fixate rewards than when required to make a NoGo action. For 
hypothesis ii), we predict that the more people focus on rewards (compared to punishments), 
the more likely they perform a Go action.  
 
Neuroimaging allows us to see whether attention biases action preparation, action preparation 
biases attention, or both. Therefore, the second study investigates specifically which neural 
mechanisms are involved in this strategic allocation of attention to either rewards or 
punishments. By collecting MEG recordings, this study examines the mechanisms that are 
selectively present during trials in which participants direct their attention (as indexed by 
occipital alpha activity) to information congruent with their action goals. In the MEG study, we 
have specific predictions about the time-course of occipital alpha and sensorimotor beta 
activity during each condition that would confirm our hypotheses. For hypothesis i), we predict 
when people are required to make a Go action, attention (as indexed by occipital alpha activity) 
is more on rewards than punishments compared to NoGo trials. For hypothesis ii), we predict 
that the more people focus on rewards (as indexed by occipital alpha activity), the more likely 
they prepare a Go action (as indexed continuously by sensorimotor beta activity). Finally, MEG 
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allows us to examine the relationship between attention and action preparation changes over 
time. Early in time, when the stakes are not presented yet, we expect beta activity to predict 
alpha activity. Higher levels of action preparation are predicted to attract attention to the reward 
side and lower levels of action preparation attract attention to the punishment side. Later in 
time, we expect alpha activity to predict beta activity, in that attention to rewards leads to 
relatively higher levels of action preparation and attention to punishments leads to relatively 
lower levels of action preparation. 

 

Methods 
 
Subjects 
 
Thirty-five healthy adults participated in the eye-tracking study (aged 18 – 58 years, mean [SD] 
= 24.7 [7.1]; 27 females; normal or corrected-to-normal vision). Thirteen healthy adults 
participated in the MEG study (aged 20 – 35 years, mean [SD] = 26.3 [3.7]; 6 females; 
corrected-to-normal vision). All procedures were approved by the local ethics committee (eye-
tracking study: ECSW: ECSW-2018-171 and MEG study: CMO/METC Arnhem Nijmegen: 
CMO2014/288) and performed in accordance with the Helsinki Declaration of 1975. Subjects 
signed informed consent prior to participation. Exclusion criteria for the eye-tracking study 
comprised a history of neurological or psychiatric disorders. Exclusion criteria for the MEG 
study comprised a history of neurological or psychiatric disorders, pregnancy, metal parts in 
the body and claustrophobia. Behavioral eye-tracking data of two subjects were excluded 
because they did not learn the task (see behavioral results eye-tracking study). MEG data of 
two subjects were excluded because they did not learn the task (see behavioral results MEG 
study). Subjects received a financial compensation upon completion of the experiment. 
Additionally, they received a performance-dependent bonus to incentivize learning the task.  

 
Task design 
 
We employed a Go/NoGo learning task with one active and one inactive response option to 
dissociate between planning to perform an action or to withhold one and to dissociate between 
paying attention to potential reward or potential punishment stakes. By trial-and-error, 
participants learned whether particular cues, required an active response (with a button press, 
i.e., “Go” stimulus) or not (no button press, i.e., “NoGo” stimulus). If the response matched the 
required action, participants received the reward at stake on 75% of the trials. If the response 
did not match the required action, participants received the punishment at stake on 75% of the 
trials. Below, we will explain the detailed trial timeline. 
 
The task consisted of three blocks of 88 trials. There were four different stimuli in each block, 
which means there were 22 trials for each stimulus (including two catch trials, see below). 
Each block contained two cues that required a ‘Go’ and two that required a ‘NoGo’ response. 
On each trial, participants first saw one out of the four cues (c.f. Figure 1), and could decide / 
prepare what response to make, but not yet execute this response (700 ms for the eye-tracking 
study, 1000 ms for the MEG study). During this phase, colored semi-circles were presented 
that signaled the laterality of upcoming reward / punishment stake information. Next, the 
magnitude of the stakes (potential reward for a correct response, potential punishment for an 
incorrect response) appeared, replacing the semi-circles (1500 ms). For the eye-tracking 
study, to prevent a bottom-up drive of stake magnitude on attention, a gaze-contingent design 
was used, rendering the stakes only visible when overtly fixating. However, to limit eye 
movement artifacts in the MEG data and to ensure a central fixation needed to measure alpha 
lateralization, this gaze-contingent design was not implemented in the MEG study. Instead, 
participants were instructed to keep fixating on a fixation cross in the center of the screen.  
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After a jittered blank screen of 100-500 ms (to make the onset of the response cue 
unpredictable), the target screen was presented. The target signaled whether to press ‘left’ or 
‘right’ for a planned Go action. Left/right targets were pseudo-randomized so that participants 
could not prepare the specific action prior to target appearance (c.f. Guitart-Masip et al., 2012) 
The participants had a maximum of 600 ms to perform their desired action (left button press, 
right button press or no button press). After an interstimulus interval (700 ms), during which 
any late responses were recorded but considered invalid, the outcome was presented (1000 
ms). Outcomes were probabilistic, with the rewards delivered on 75% of correct responses and 
on 25% of incorrect responses.  
 
To ensure that participants looked at the stakes catch trials were included, asking respondents 
which of the stakes (reward or punishment) was of higher magnitude. These catch trials 
occurred after the stakes were presented, instead of the target presentation, and concluded 
that particular trial. For the eye-tracking study, participants used their index and middle finger 
of their dominant hand. For the MEG study, to maximize lateralized motor signals and 
dissociate these from global, bilateral motor preparation, participants used their index fingers 
of the left and right hand. The current task was implemented using a cover story of oyster 
farming, described in Figure 1. Before performing the Oyster task, participants underwent a 
practice session of 28 trials in which they were familiarized with the task.  
 
MEG localizer task  
 
MEG subjects also performed a variant of the Posner task (Posner & Mitchell, 1967) as a 
localizer task to a priori select frequencies and channels of interest. This was especially 
important since the location and frequency range of occipital alpha and sensorimotor beta 
activity can vary between and within subjects (Klimesch,1999; Haegens et al., 2014). The task 
was based on Worden et al. (2000), where an arrow cue in 80% of the trials correctly predicts 
whether a target occurs on the left or on the right. After the stimulus presentation, the 
participant had to press the button corresponding to the target stimulus, irrespective of the 
target location. This way we could localize spatial attention in the occipital electrodes reflected 
by alpha lateralization at the cue and target onset. We could also localize sensorimotor beta 
activity at the moment and right before the button press was recorded. This task has been 
used successfully in past research for similar purposes (e.g., Thut et al., 2011). The task 
consisted of two blocks, each containing 100 trials. Beforehand, participants underwent a 
practice session of 20 trials in which they were familiarized with the task.  
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Figure 1: Task design (A) eye-tracking, (B) MEG and (D) Posner tasks. On each trial, a Go or NoGo 
cue appears. Valence of the cue is not signaled but should be learned. Participants should respond during 
the response screen, where the direction of the Oyster-shaped symbol informs the participant to press 
left or right (if they want to press). In between the cue presentation and response screen, participants can 
attend the potential reward and punishment stakes. Correct responses are followed by rewards 75% of 
the time. For incorrect responses, this probability is reversed. In the eye-tracking study (A) stakes become 
visible when overtly attended. In the MEG study (B) participants are instructed to keep fixation in the 
center of the screen and covertly shift attention to the stakes. (C) Each block, a total of 8 catch trials 
occur, where instead of the response screen, a catch screen is presented. Participants have to indicate 
which of the stakes (reward/punishment) was of higher magnitude in that particular trial. (D) Example of 
a trial in the Posner task, where an arrow predicts the target location. During the response screen the 
subject presses either left or right, depending on the presented target. Before the task, the valence of the 
target is already instructed to the participants.  

 
 

Behavioral data analysis eye-tracking study 
 
Trials with RTs smaller than 200 ms were excluded as such responses were unlikely to be a 
reaction to (features of) the cues. Trials with RTs larger than 800 ms after stake cue onset 
were excluded for behavioral analyses as these responses may have been initiated after cue 
offset. Gaze data were epoched into trials of 1500 ms relative to stakes onset. Eye blinks or 
saccades, resulting in gaps of missing samples up to a duration of 75 ms, were interpolated 
using linear interpolation. Trials consisting of more than 50% of missing samples were 
discarded. Reward and punishment stakes were rendered visible when fixation was less than 
150 pixels away from their center, and the same criterion was applied to identify fixations on 
the respective object in the analyses. For each trial, the first fixation on any stakes object 
(reward or punishment) was classified (“first fixation”) as well as the total duration (in ms) with 
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which rewards and punishments were fixated over the entire trial (“dwell time”). By dividing 
absolute dwell times by the total time any stakes object was fixated on during that particular 
trial, relative dwell times were computed. The first fixation informed us about early, top-down 
attentional processes. We used this variable to test our first hypothesis of action plans 
influencing attention. Dwell time informed us about late, bottom-up attentional processes. We 
used this variable to test our second hypothesis of attention influencing choice behavior. 
 
By fitting a Rescorla-Wagner model (Rescorla et al., 1972) on the response for each cue in a 
block, we computed Q-values for each action for each cue on each trial as a better indicator 
for action preparation as compared to required action. The difference between the Q-values of 
Go and NoGo actions for a particular cue on each trial informed us about the action being 
prepared in that trial. We used this variable to test our first hypothesis of action plans 
influencing attention. The probability of each response (p) was estimated based on computed 
action weights (Vs,t) using a SoftMax function (Eq 1, where β was the inverse temperature and 
Vs indicated the value of stimulus s, i.e., the expectation of a reward). The action weights were 
determined by the learned instrumental Q values (Eq 2, where α was the learning rate and rt-
1 the reward received on trial t-1).  
 

                 (1) 
 

     (2) 
 
We used linear mixed effects models (lmer function in R) to analyze behavioral responses to 
test the two hypotheses. For hypothesis 1, we inspected the effect of the difference in Q-values 
for each action for each cue in each trial on first fixation. For hypothesis 2, we looked at the 
effect of dwell time on rewards on choice behavior. We fitted a regression with the following 
effects: i) main effect of required action, reflecting whether participants learned the task and 
showed more Go responses to Go than NoGo cues; ii) main effect of the difference between 
Q-values of Go and NoGo for a cue on dwell time and first fixation, reflecting whether 
participants attended more to reward-related information when planning a Go action as 
compared to NoGo actions, displaying the influence of action preparation on attention 
(hypothesis 1, cf. Fig. 2). iii) main effect of the valence (reward/punishment) of the attended 
stakes, reflecting whether participants were influenced by motivational biases and showed 
more Go responses when dwell time and first fixation were on reward stakes as compared to 
NoGo, displaying the influence of attention on action execution (hypothesis 2, cf. Fig. 2). We 
included the valence of the attended stakes, the magnitude of the stakes and location of the 
stakes as covariates. Numerical variables were z-standardized. P-values were obtained using 
likelihood ratio tests (mixed function with LRTs in R). P-values smaller than α = 0.05 were 
considered statistically significant. 

 
MEG preprocessing and TF decomposition  
 
The MEG data were preprocessed offline in MATLAB (2018b, Mathworks) using the FieldTrip 
toolbox (Oostenveld et al., 2011) and custom code. For the Posner task, data were segmented 
into trials starting 1000 ms before and ending 3000 ms after cue onset. For the Oyster task, 
data were segmented into trials starting 250 ms before and ending 3300 ms after cue onset. 
All MEG data were high-pass filtered at 0.5 Hz, low-pass filtered at 40 Hz and baseline 
corrected for the last 250 ms before the trial onset. Trials with non-stationary artifacts such as 
squid jumps or muscle artifacts were identified via visual inspection and were removed from 
the data. Independent component analysis was used to identify and reject components 
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reflecting stationary artifacts such as eye movements, blinks and heart beats identified via their 
typical, regular topography. 
 
Frequency-domain analysis shows how a signal's energy is distributed over a range of 
frequencies. We needed this to examine and distinguish the different neural mechanisms we 
were interested in. This is why we performed a time-frequency decomposition. We computed 
the planar gradiometers, after which we performed the time-frequency decomposition on all 
MEG data using Hanning tapers. We used tapers of 400 ms duration spaced every 50 ms, for 
frequencies from 1 to 40 Hz in steps of 1 Hz, on the entire epoch. Finally, we combined the 
planar gradiometers to compute a synthetic planar representation. 

 
Posner task data analysis 
 
To define what channels and frequencies contributed to the processes we were mostly 
interested in, we used a version of the Posner task (Worden et al., 2000) as a localizer task.  
In the Posner task, the cue primed participants to attend to the left or right. Hence, contrasting 
left and right trials by averaging over these conditions allowed us to isolate channels and 
frequencies showing modulation by spatial attention. We selected the time window right after 
the cue presentation and before the target presentation (0 ms – 1500 ms after arrow cue 
onset), because in this time window we expected the highest modulation of spatial attention, 
presumably in the occipital channels and alpha frequency range. The target cue primed 
participants to press a left or a right button. Hence, averaging over trials during the response 
phase (0 ms – 1000 ms after target cue offset) allowed us to isolate channels and frequencies 
showing modulation by action execution, presumably in the sensorimotor channels and beta 
frequency range. After conducting a t-test for channels and frequencies between trials with the 
arrow cue presentation to the left and to the right, the alpha ‘mask’ was identified by setting all 
t-values below 2 to 0 and retaining all t-values above 2 as weights of a spatial filter. After 
conducting a t-test between trials with left button responses and right button responses, the 
beta ‘mask’ was identified by setting all t-values below 2 to 0 and retaining all t-values above 
2 as weights of a spatial filter. This was done for each subject separately, resulting in a 2-
dimensional occipital alpha mask (channels x frequencies) and a 2-dimensional sensorimotor 
beta mask (channels x frequencies) for all MEG subjects.  

 
Oyster task data analysis 
 
Trials with RTs smaller than 200 ms were excluded as such responses were unlikely to be a 
reaction to (features of) the cues. Trials with RTs larger than 800 ms after stake cue onset 
were excluded for behavioral analyses as these responses may have been initiated after cue 
offset. Q-values were computed similar to the eye-tracking study by fitting a Rescorla-Wagner 
model (Rescorla et al., 1972) on the response for each cue in a block.  
 
Based on the selected frequencies and channels from the Posner task, we computed the 
occipital alpha lateralization index (ALI) (similar as e.g., de Vries et al., 2018; van Ede et al, 
2019) in order to quantify the relative focus on reward as compared to punishment stakes. 
When people attend to one visual hemifield, occipital alpha oscillations decrease 
contralaterally to the attended hemifield (Sauseng et al., 2005). We computed the ALI by 
subtracting occipital alpha power in the right hemisphere from occipital alpha power in the left 
hemisphere, in trials where rewards were presented on the left. In trials where rewards were 
presented on the right, we subtracted occipital alpha power in the left hemisphere from occipital 
alpha power in the right hemisphere. This means that a positive ALI value reflects an enhanced 
processing of reward relative to punishment stakes and a negative ALI value reflects focusing 
on punishment stakes in that particular trial. By computing an ALI value during cue presentation 
(400 ms – 800 ms after cue onset), we quantified the relative attention to rewards purely 
influenced by the action that was prepared, enabling us to test our first hypothesis that action 
values (Go/NoGo) influence attention to valence information (reward/punishment). This ALI 
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value at the beginning of the trial can be considered as the neural equivalent to the first fixation 
variable in the eye-tracking study. By computing an ALI value during stake presentation (1200 
ms – 2500 ms after cue onset), we quantified the relative attention to rewards later during each 
trial. This enabled us to test our second hypothesis that attention to valence information 
(reward/punishment) influences the ultimate response (Go/NoGo). This ALI value at the end 
of the trial can be considered as the neural equivalent to the dwell time variable in the eye-
tracking study. 
 
We performed a mixed-effects regression in R with the ALI during cue presentation per trial as 
dependent variable and the required action per trial as independent variable. This enabled us 
to test our first hypothesis that what action participants have to do directs attention to 
reward/punishment information, following known Pavlovian motivation-action coupling. A 
better approximation of what action is being prepared are the Q-values, as obtained by fitting 
the Rescorla-Wagner model. Therefore, we performed a mixed-effects regression in R with the 
ALI during cue presentation per trial as dependent variable and the Q-value difference per trial 
as independent variable. This enabled us to test our first hypothesis that what action 
participants believe they have to do directs attention to reward/punishment information, 
following known Pavlovian motivation-action coupling. We also performed a mixed-effects 
regression in R with the response per trial as dependent variable and the ALI during stakes 
presentation per trial as independent variable. This enabled us to test our second hypothesis 
that attention to valence (reward/punishment-related) information influences choice behavior 
(cf. Fig. 2).  
 
We also looked at the trajectory of sensorimotor beta power. This trajectory reflects the 
development of action preparation during cue and stakes presentation. This can be considered 
a closer representation of what people plan to do than action requirements, choices or Q-
values. We fitted a separate linear regression on each trial over time to find the slope of how 
beta changed over the time course of the trial (using the Polyfit function in MATLAB). We 
computed the slope of beta activity changes both for an early time window during cue 
presentation (0 – 1000 ms after cue onset) and for a late time window during stakes 
presentation (1200 – 2500 ms after cue onset), where a negative value means higher levels 
of action preparation and a positive value means lower levels of action preparation. The early 
time window reflects action preparation based on the action cue and hypothetically influenced 
attention, according to our first hypothesis. The late time window reflects action preparation 
and execution hypothetically influenced by attention to the stakes, according to our second 
hypothesis. We performed a mixed-effects regression in R with the ALI during cue presentation 
per trial as dependent variable and the beta slope during cue presentation as independent 
variable. This enabled us to test our first hypothesis that what action participants believe they 
have to do directs attention to reward/punishment information. Finally, we performed a mixed-
effects regression in R with the beta slope during stakes presentation as dependent variable 
and the ALI during stakes presentation as independent variable. This enabled us to test our 
second hypothesis, whether attention to valence (reward/punishment-related) information 
biases action preparation and execution (cf. Fig. 2). 
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Figure 2: Analytical framework reflecting the main processes involved in Go/NoGo decision-
making task. Q-values (eye-tracking and MEG study) and sensorimotor beta oscillations at the 
beginning of a trial (MEG study) reflect action preparation. Hypothesis A predicts that the action that 
is prepared influences spatial attention. First fixation and dwell time (eye-tracking study) and occipital 
alpha oscillations at the beginning of a trial (MEG study) reflect spatial attention. Hypothesis B predicts 
that spatial attention influences the ultimate action that is executed. Choice (eye-tracking and MEG 
study) and sensorimotor beta activity at the end of a trial (MEG study) reflect action execution. 

 
 

Results 
 

Behavioral results eye-tracking study 

 
We first tested if participants learned the task, i.e., whether they made more Go responses to 
Go cues than NoGo cues. There was a significant main effect of required action on choices (b 
= 0.976, SE = 0.088, χ²(1) = 52.9, p < .001). This means almost all participants learned the 
task (Fig. 3A). When looking at individual participants, two did not learn the task (accuracy 
below 55%) and were excluded from further analysis. Next, we tested whether participants 
showed a motivational bias, i.e., whether they made more Go responses to higher reward 
stakes than to lower reward stakes and more NoGo responses to higher punishments stakes 
than to lower punishment stakes. There was a significant main effect of reward magnitude on 
choices (b = 0.103, SE = 0.023, χ²(1) = 18.6, p < .001). There was also a significant main effect 
of punishment magnitude on choices (b = 0.069, SE = 0.022, χ²(1) = 9.6, p = .002). This shows 
that there was a motivational bias for reward stakes (Fig. 3B) and for punishment stakes (Fig. 
3C). 
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Figure 3: Behavioral effects in eye-tracking study. (A) Probability of Go response 
as a function of the required action. Participants (individual grey dots) responded 
significantly more with a Go after a Go cue and more with a NoGo after a NoGo cue, 
showing they learned the task. (B) Probability of Go response as a function of the 
magnitude of the presented stakes. Participants (individual grey dots) showed a 
motivational bias, in that they were significantly more likely to respond with a Go for 
higher reward stakes (compared to low reward stakes) and (C) with a NoGo for higher 
punishment stakes (compared to low punishment stakes). The regression line for the 
entire sample is plotted in red. 
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Next, we tested our first hypothesis stating that action plans (reflected by Q-value differences) 
influence attention to the reward and punishment stakes (reflected by first fixation and dwell 
time). We indeed found an effect of Q-value difference on first fixation and dwell time, with 
more fixation on rewards when the Q-value was higher for Go (i.e., participants believed the 
cue to signal ‘Go’, cf. Fig. 4A). There was a significant main effect of Q-values on first fixation 
(b = 0.038, SE = 0.016, χ²(1) = 6.1, p < .05). There was also a significant main effect of Q-
values on dwell time (b = 0.072, SE = 0.032, p < .05).  
Next, we tested our second hypothesis stating that attention to rewards and punishments 
(reflected by dwell time) influences choice behavior. We indeed found an effect of dwell time 
on choices (cf. Fig. 4B). There was a significant main effect of relative dwell time on rewards 
(in %) on choices (b = 0.144, SE = 0.034, X²(4) = 15.6, p < .001). This effect was driven by 
attention to punishments: The effect of absolute dwell time on rewards (in ms) on choices was 
not significant (b = 0.018, SE = 0.044, X²(1) = 0.2, p = .7), while the effect of absolute dwell 
time on punishments (in ms) on choices was significant (b = 0.171, SE = 0.038, X²(8) = 16.3 , 
p < .001). 
 

 
 
Figure 4: Behavioral effects in eye-tracking study. (A) Probability of a first fixation on reward stakes as a 
function of the Q-value difference. A positive Q-value difference means the participant believed a cue to be 
a Go cue in that trial. A negative Q-value difference means the participant believed a cue to be a NoGo cue 
in that trial. Participants’ first fixation was significantly more on the reward stakes when a cue was presented 
which was believed to be a Go cue. This result supports the first hypothesis, that action plans influence 
attention to valence information. (B) Probability of Go response as a function of the relative dwell time on 
reward stakes. Participants were significantly more likely to respond with a Go when their dwell time was 
relatively more on the reward stakes. This result supports the second hypothesis, that attention to valence 
information influences choice behavior. 

 
 

Behavioral results MEG study 
 
To test if subjects learned the Posner task, we assessed the accuracy of the responses. All 
thirteen participants learned the Posner task well (mean [SD] = 94.07% [4.77]). This concluded 
our behavioral analysis on the Posner task.  
 
Next, we tested if subjects learned the Oyster task, i.e., whether they made more Go responses 
to Go cues than NoGo cues. There was a significant main effect of required action on choices 
(b = 1.709, SE = 0.204, χ²(1) = 22.3, p < .001). Overall, participants learned the Oyster task 
(Fig. 5A). When looking at participants separately, two did not learn the task (accuracy below 
55%) and were excluded from further analysis. We next tested whether participants showed a 
motivational bias, i.e., whether they made more Go responses to higher reward stakes than to 
lower reward stakes and more NoGo responses to higher punishments stakes than to lower 
punishment stakes. There was no significant main effect of reward magnitude on choices (b = 
0.04, SE = 0.041, χ²(1) = 1.0, p = .33). There was, however, a significant main effect of 
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punishment magnitude on choices (b = 0.098, SE = 0.04, χ²(1) = 10.3, p = .001). This shows 
that there was a motivational bias for punishment stakes (Fig. 5C) and not for reward stakes 
(Fig. 5B).  
 
 

 
 

 
 

 
 
Figure 5: Behavioral effects in MEG study. (A) Probability of Go response as a function of the 
required action. Participants responded significantly more with a Go after a Go cue and more with a 
NoGo after a NoGo cue, showing they learned the task. (B) Probability of Go response as a function 
of the magnitude of the presented reward stakes. They were not significantly more likely to respond 
with a Go for higher reward stakes (compared to low reward stakes). (C) Probability of Go response 
as a function of the magnitude of the presented punishment stakes. They were significantly more 
likely to respond with a NoGo for higher punishment stakes (compared to low punishment stakes). 
This means participants showed a motivational bias for punishment stakes. 
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Electrophysiological results MEG study 
 
To test hypothesis 1, stating that subjects’ action plans influenced their attention, we tested 
whether there was an effect of Q-values on what stake (reward/punishment) was fixated early 
in the trial, as reflected by ALI values at the beginning of a trial (400 ms – 800 ms after cue 
onset). There was no significant main effect of Q-values on occipital alpha oscillations at the 
beginning of a trial (400 ms – 800 ms after cue onset) (b = 0.02, SE = 0.062, χ²(1) = 0.1, p = 
.8), suggesting that spatial attention did not depend on people’s action plans (cf. Fig. 6A). A 
closer approximation of action plans instead of Q-values is the change in sensorimotor beta 
oscillations. We did not find a significant main effect of sensorimotor beta oscillations at the 
beginning of a trial (0 ms – 1000 ms after cue onset) on occipital alpha oscillations at the 
beginning of a trial (400 ms – 800 ms after cue onset) (b = 0.012, SE = 0.019, χ²(1) = 0.38, p 
= .5). This suggests that spatial attention was not influenced by action preparation (cf. Fig. 6B). 
Both these results do not support hypothesis 1, as no effect of action plans on attention could 
be established.  
 
To test hypothesis 2, stating that attention influences choice behavior, we looked at the effect 
of ALI values at the end of a trial (1200 ms – 2500 ms after cue onset) on choices. There was 
no significant main effect of ALI values at the end of a trial on choices (b = 4.034, SE = 3.545, 
χ²(1) = 0.9, p = .25), meaning we did not find an effect of late, top-down controlled attention on 
choice behavior (cf. Fig. 6C). Choice behavior only reflects the ultimate decision. As we were 
interested in the build-up towards this response, we also looked at sensorimotor beta activity 
changes right before the response to test hypothesis 2. When looking at the effect of later, top-
down controlled attention on these later action plans, we found no significant main effect of 
ALI values at the end of a trial on beta oscillations at the end of a trial (1200 ms – 2500 ms 
after cue onset) (b = 0.037, SE = 0.05, χ²(1) = 0.5, p = .4), meaning attention did not predict 
the build-up to a response, as reflected by beta oscillations (cf. Fig. 6D). This means both 
these results do not support hypothesis 2, as no effect of attention on choice behavior could 
be established. 
 
Although subjects learned the task and showed a motivational bias, as the magnitude of the 
punishment stakes had a significant effect on choice behavior, this MEG study could not 
establish a relationship between any neural underpinnings and behavioral results. No 
interaction of action preparation on spatial attention or vice versa has been demonstrated. 
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Figure 6: Electrophysiological effects in MEG study. Regression lines of all individual subjects in grey and 
regression line for entire sample population in red with shaded standard deviations. Numerical variables were 
z-standardized. (A) The effect of Q-value differences for a cue in a trial on the level of alpha lateralization at 
the beginning (400 ms – 800 ms after cue onset) of a trial. Positive Q-value differences reflect the presented 
cue in a trial is believed to be a Go cue. Positive values for alpha lateralization reflect spatial attention to 
reward stakes. No clear effect can be indicated, therefore not demonstrating a relationship between action 
plans and top-down spatial attention. (B) The effect of the slope of beta activity at the beginning (0 ms – 1000 
ms after cue onset) of a trial on the level of alpha lateralization at the beginning (400 ms – 800 ms after cue 
onset) of a trial. Positive values for the slope reflect an increase in beta activity in that time window. Positive 
values for alpha lateralization reflect spatial attention to reward stakes. No clear effect can be indicated, 
therefore not demonstrating a relationship between action plans and top-down spatial attention. (C) The effect 
of the level of alpha lateralization at the end of a trial (1200 ms – 2500 ms after cue onset) on the probability 
of a Go response. Positive values for alpha lateralization reflect spatial attention to reward stakes. No clear 
relationship between spatial attention and choice behavior can be established, therefore not supporting 
hypothesis 2, predicting an influence of spatial attention on choice behavior. (D) The effect of alpha 
lateralization at the end of a trial (1200 ms – 2500 ms after cue onset) on the slope of beta activity at the end 
of a trial (1200 ms – 2500 ms after cue onset). Positive values for alpha lateralization reflect spatial attention 
to reward stakes. Positive values for the slope reflect an increase in beta activity in that time window. No clear 
effect can be identified, therefore not supporting hypothesis 2, predicting an influence of spatial attention on 
choice behavior. 
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Data inspection 
 

As a data quality check, we wanted to assess whether sensorimotor beta power indeed 
decreased more during Go response trials compared to NoGo response trials as shown in past 
literature (e.g., Salmelin & Hari, 1994; Fischer et al., 2018). We found a significant main effect 
of sensorimotor beta values during the stakes presentation (1200 ms – 2500 ms after cue 
onset) on choices (b = 0.024, SE = 0.01, χ²(1) = 6.05, p < .05). This indicated sensorimotor 
beta values during the stakes presentation did indeed have an effect on choice behavior. Next, 
we wanted to visually inspect this effect. We determined the optimal time window for 
sensorimotor beta power by inspecting the time-frequency representation of motor channels 
during the MEG study for both Go response trials (Fig. 7A) and NoGo response trials (Fig. 7B). 
As expected, we found a relatively high decrease around beta frequencies (13 Hz – 30 Hz) 
during the stakes presentation (1200 ms – 2500 ms after cue onset) in motor channels. We 
further examined this time window, in which the stakes are presented and action is being 
prepared, by inspecting a topographic representation of beta frequencies for Go response trials 
(Fig. 7C) and NoGo response trials (Fig. 7D). Spatially, beta decrease in trials with Go 
responses seemed to be more widely spread compared to NoGo responses. This is in line with 
our predictions for the difference in sensorimotor beta activity between Go response trials and 
NoGo response trials.  
 

 

 
 

 
 

Figure 7: Electrophysiological data inspection MEG study. (A) The time-frequency 
representation of motor channels during Go response trials averaged over all subjects. 
Baseline correction applied (-200 ms – -100 ms before cue onset). During stakes presentation 
(1200 ms – 2500 ms after cue onset), we expect a higher decrease in beta activity (13 Hz – 
30 Hz) when a Go is prepared. (B) We expect a lower decrease in beta activity (13 Hz – 30 
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Hz) in NoGo response trials during stakes presentation (1200 ms – 2500 ms after cue onset). 
(C) Topographic representation zoomed in on the stakes presentation time window (1200 ms 
– 2500 ms after cue onset) and beta frequency range (13 Hz – 30 Hz) in trials with a Go 
response. (D) Topographic representation zoomed in on the stakes presentation time window 
(1200 ms – 2500 ms after cue onset) and beta frequency range (13 Hz – 30 Hz) in trials with 
a NoGo response. The plots show a more distributed beta decrease during Go response trials 
compared to NoGo response trials. 

 
 

Discussion 
 
Past literature focused on the effect of motivational biases in incongruent situations, where a 
mismatch between the required action and valence-related information caused subjects to be 
slower and more inaccurate during decision-making (e.g., Hershberger, 1986; Holland, 1979; 
Dayan & Balleine, 2002; Cavanagh et al., 2013). In this study we asked whether people can 
adaptively recruit motivational biases by detecting situations where the bias is helpful and then 
attend to information that may evoke or strengthen the bias.  
 
In two separate studies, we recorded eye-tracking or MEG, while participants performed in a 
Go/NoGo learning paradigm with valence-related information presented between the onset of 
action preparation and actual action execution. This experimental design enabled us to further 
examine the related trajectories of attention and action preparation and when one potentially 
starts to bias the other or vice versa. Results show that action value (i.e., whether a participant 
should perform a Go or NoGo action) determined what participants pay attention to, following 
known Pavlovian motivation-action coupling. Moreover, subjects’ choice behavior was in turn 
influenced by attended valence-related information. However, we were not able to find 
conclusive evidence about the neural mechanisms underlying these results. No clear 
interaction between occipital alpha oscillations (as a neural index for spatial attention) and 
sensorimotor beta oscillations (as a neural index for action preparation and action execution) 
was established. 
 
The results of the eye-tracking study confirm our first hypothesis, that participants allocate 
attention to valence information that is congruent with the required action. We found a 
significant effect of Q-value difference on first fixation and dwell time, with more fixation on 
rewards when the Q-value was higher for Go (i.e., participants believed the cue to signal ‘Go’). 
One mechanism that may drive this is through adaptive, top-down attention allocation, 
suggesting that people will look at rewards when planning a Go action in order to remember 
and facilitate the active ‘Go’ action. Awh, Vogel & Oh (2006) argue this is done as a 
confirmation strategy, to make action selection more stable. Attention would therefore facilitate 
memory and prevent distraction by irrelevant information, a potential beneficial explanation of 
motivational biases in general. Li & Ma (2021) propose that looking gathers information that 
reduces uncertainty Since people are uncertainty averse, this can explain why subjects look 
at valence information congruent with action plans. An alternative explanation is that when a 
Go action is triggered, this increases the saliency of reward information, while decreasing the 
saliency of punishment information, thus drawing attention to reward in a more bottom-up 
fashion. In other words, if people have an action plan, it changes their visual sensitivity in line 
with their action plan (Fagioli et al., 2007; Craighero & Rizzolatti, 2005). 
 
In turn, the results of the eye-tracking study also confirm our second hypothesis, that 
participants’ choice behavior is influenced by the valence information they attended. We found 
a significant effect of relative dwell time on rewards (vs. punishments) on choices. These 
results are in line with previous findings reporting that eye gaze influences your choice, where 
items that are fixated more are more likely to be chosen (Krajbich et al., 2011). This implies 
there is a link between the valence (stakes/punishments) of the item fixated on and the 
executed action (Go/NoGo), even though the item of fixation is not the actual action choice. 
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The confirmation of our two hypotheses together implies that the causal relationship of gaze 
and choice changes over time in a trial. Westbrook et al. (2020) argue similarly that at the 
beginning of a trial, gaze influences and predicts choice, while later during the decision-
process, the soon-to-be-made choice seems to influence and predict gaze. The results of the 
eye-tracking study support this claim, which has implications for past and future experiments 
investigating the relationship between spatial attention and choice behavior. It is important to 
consider the temporal-dependency of the direction of this relationship during a task. 
Researchers cannot and should not make assumptions about the effect of action and attention 
at a given moment during their experiment, without identifying the direction of the causal 
relationship.  
 
However, the results of the MEG study currently do not support the suggested hypotheses. 
For our first hypothesis, that action preparation influences attention, we expected beta activity 
to predict alpha activity. Higher levels of action preparation would attract attention to the reward 
side and lower levels of action preparation would attract attention to the punishment side. We 
did not find evidence for an effect of action requirements (as indexed by Q-values and 
sensorimotor beta activity) on occipital alpha lateralization (as index for spatial attention to 
rewards/punishments). This interaction might potentially be concealed by the possibility that 
action is not being influenced at the end of the blocks in our task anymore, since participants 
‘solved’ the task and exactly knew what to do. Any existing effect might diminish and become 
neglectable (Swart et al., 2018).  
 
For our second hypothesis in the MEG study, that attention influences action choice, we 
expected alpha activity to predict beta activity, in that attention to rewards would lead to 
relatively higher levels of action preparation and attention to punishments would lead to 
relatively lower levels of action preparation. The results of the MEG study currently do not 
support the suggested hypothesis. We did not find evidence for an effect of alpha lateralization 
(as index for spatial attention to rewards/punishments) on action execution (as indexed by 
sensorimotor beta decrease and choice behavior).  
 
The absence of a clear relationship between occipital alpha lateralization and sensorimotor 
beta activity in the MEG study could perhaps be due to the higher difficulty of processing the 
stakes in the MEG study compared to the eye-tracking study. This difficulty might be caused 
by the MEG environment and associated necessary task change (central fixation point instead 
of overt attention to stakes). If participants found it harder to process the stakes, they would 
be less susceptible to motivational biases. Future analysis should analyze the eye-tracking 
data recorded during the MEG study and compare this with the results from the eye-tracking 
study to rule out this potential limitation. Furthermore, since the reduced sample size in the 
MEG study resulted in relatively fewer trials, leaving less statistical power to test neural 
hypotheses, it is recommended to increase the sample size to the same level as the eye-
tracking study.  
 
One further explanation of the null results in the MEG study as compared to the eye-tracking 
study is the difference between the two studies. The eye-tracking study examined a different 
type of spatial attention than the MEG study. There are arguably different processes involved 
in overt vs. covert attention (Morishige et al., 2021) and abandoning the gaze-contingent 
design from the eye-tracking study was an unfortunate, yet necessary decision. Kulke et al. 
(2016), for example, argue that covert attention shifts, as required in the MEG study, possibly 
reflect saccade inhibition to maintain fixation. This saccade inhibition might interfere with motor 
movement of the index fingers, thus interfering with our experimental design, where we tried 
to implement a contrast between action execution and action inhibition. Action inhibition in itself 
might also consist of different processes, and the question is to what extent the conditions in 
this task actually measure the same type of action inhibition. This is important, since measuring 
multiple types of inhibition might mean there are also multiple neural mechanisms in play (Aron, 
2011). A NoGo response after attending win cues might arguably be considered as an action 
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cancellation. The participant originally planned a Go action, suppressed this tendency and 
changed to a NoGo response. In contrast, a NoGo response after attending punishment cues 
might be considered a deliberate NoGo decision. The participant stopped a response outright 
when instructed by the cue. In the future, it would be interesting to study the involvement of 
these different types of inhibition in our paradigm more extensively. Future research can then 
target the mechanisms involved with causal interventions, such as transcranial ultrasound 
stimulation, psychopharmacology or EEG-neurofeedback, to improve people’s ability to recruit 
biases adaptively. 
 
There are a few methodological limitations which could explain the non-significant results. 
Extracting a 2-dimensional mask from the Posner task should, in principle, help us identify 
channels and frequencies most sensitive to the main effect of interest. However, since subjects 
are prone to move their head during a 1h MEG session, it is possible channels of interest shift 
over time and head movement in between the Posner task and the Oyster task may have 
influenced final results and interfered with finding any neural effects. Future users of this 
dataset can analyze the recorded head movement data and consider using the recorded 
anatomical MRI scans to evaluate the regions of interest identified by the Posner mask for 
each subject. 
 
Finally, one possible cause of the non-significant results we cannot disregard, is that the effect 
we are looking for might not exist. Although it is unlikely no relationship between spatial 
attention and action preparation/execution exists at all, it is possible this paradigm does not 
adequately separate the two processes in order to evaluate the interaction. Potentially, other 
processes are involved next to or instead of occipital alpha lateralization and sensorimotor 
beta desynchronization. For example, future analyses could include frontoparietal theta activity 
as a measure of cognitive control (Cavanagh & Frank, 2014; Cooper et al., 2015; Helfrich & 
Knight, 2016; Swart et al., 2018; Watanabe et al., 2021) to disentangle between situations 
where subjects make sure their initial action plan is implemented by exerting cognitive control 
and situations where they do not. This would provide new insights in how people exactly 
manage to recruit motivational biases and if cognitive control can use the benefits of 
motivational biases to increase goal-directed behavior. 
 
These two studies separately used eye-tracking and magnetoencephalography recordings 
with a Go/NoGo learning task, in which a delay between cue presentation and action execution 
enabled us to closely examine the relationship between spatial attention to valence-related 
information and action preparation. We asked whether people can adaptively recruit 
motivational biases by detecting situations where the bias is helpful and then attend to 
information that may evoke or strengthen the bias. We tested two hypotheses, i) the action a 
participant has to perform directs attention to reward/punishment information, following known 
Pavlovian motivation-action coupling, and ii) attention to valence-related information in turn 
biases behavior. Results from the eye-tracking study show that subjects seek out valence-
related information matching with the action the subject had to perform by allocating attention 
to this information. Both the information (reward/punishment-related) they attend to first and 
longest are influenced by the planned action (Go/NoGo). Moreover, subjects’ choice behavior 
(Go/NoGo) was influenced by attended valence (reward/punishment-related) information. 
These results support the two proposed hypotheses. However, we were not able to find 
conclusive evidence about the neural mechanisms underlying these results, possibly due to 
the small sample size and difference between the two studies. No clear relationship between 
occipital alpha oscillations (as a neural index for spatial attention) and sensorimotor beta 
oscillations (as a neural index for action preparation/execution) was established. The results 
from this study show that the information people attend is influenced by their action plans, 
implicating people can adaptively recruit motivational biases by detecting situations where the 
bias is helpful and then attend to information that may evoke or strengthen the bias. These 
results show that the causal relationship between action preparation and spatial attention 
changes over time. It is important for future research to consider the temporal-dependency of 
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the direction of this relationship. Researchers cannot and should not make assumptions about 
the effect of action and attention at a given moment during their experiment, without identifying 
the direction of the causal relationship. 
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