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A B S T R A C T

Motor decisions entails a buildup of choice-selective activity in the motor cortex. The rate of this buildup cru-
cially depends on the amount of evidence favoring the selection of each action choice in the visual environment.
Though numerous studies have characterized how sensory evidence drives motor activity when processed con-
sciously, very little is known about the neural mechanisms that underlie the integration of implicit sources of
information.

Here, we used electroencephalography to investigate the impact of implicit visual cues on response-locked
potentials and oscillatory activity in the motor cortex during decision-making. Subjects were required to select
between left and right index finger responses according to the motion direction of a cloud of dots presented in
one of three possible colors. Unbeknown to the participants, the color cue could bring evidence either in favor of
or against the selection of the correct response.

Implicit color cues tuned choice-selective oscillatory activity in the low beta range (16–25Hz), boosting the
buildup of contralateral activity when evidence favored the selection of the correct action, while weakening it
when evidence biased against the correct response. This modulation of oscillatory activity influenced the speed
at which the correct action was eventually chosen. Implicit cues also altered oscillatory activity in a non-selective
way in the low frequency oscillation (1–7Hz) and high beta ranges (25–35Hz), impacting both contralateral and
ipsilateral activity. The current findings yield a critical extension of prior observations by indicating that the inte-
gration of both explicit and implicit sources of evidence tunes oscillatory motor activity during decision-making.

1. Introduction

A recent theoretical framework upholds that motor decisions arises
from a competition between the representations of the different possibil-
ities of action provided by the environment (Cisek and Pastor-Bernier,
2014; Pezzulo and Cisek, 2016; Derosiere et al., 2017a, 2017b). In this
view, separate action opportunities evoke increases in activity in dis-
tinct neural populations within the motor system (Thura and Cisek,
2014, 2017), which compete with one another through mutual inhi-
bition (Shen et al., 2010). An action is eventually selected and exe-
cuted when activity in the related population reaches a critical decision
threshold (Lo and Wang, 2006; Von Reyn et al., 2014; Jha et al., 2016).

Consistent with this idea, several lines of evidence indicate that the
motor cortex displays a buildup of choice-selective activity during deci

sion-making. Indeed, electrophysiological studies have revealed that
the motor area contralateral to a chosen effector exhibits a progres-
sive increase in the amplitude of evoked potentials, a synchronization
of low frequency oscillations (LFO, [1–7Hz]), and a desynchroniza-
tion of beta frequency oscillations (BFO, [15–35Hz], often referred to
as beta-band event-related desynchrony [β-ERD]) as action execution
draws nearer (Kubanek et al., 2013; Nguyen et al., 2014; Noorbaloochi
et al., 2015; Waldert et al., 2015; Burle et al., 2016; Herding et al.,
2016; Meijer et al., 2016; Murphy et al., 2016; Popovych et al., 2016;
Derosiere et al., 2018). Interestingly, the rate of this buildup was shown
to depend on the amount of evidence indicating the appropriate ac-
tion to select in the visual environment: when evidence for an action
is strong, activity in the contralateral motor cortex grows faster than
when it is weak, increasing its likelihood to reach the decision thresh-
old (Tosoni et al., 2008, 2014; Donner et al., 2009; Gould et al., 2012;
Wyart et al., 2012; Grent-’t-Jong et al., 2013). Such a modulation of
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motor activity helps understand why decision speed and accuracy are
both boosted when evidence clearly favors an action (Loughnane et al.,
2016; Paz et al., 2016; Herz et al., 2017).

Importantly, the abundance of stimuli in the visual environment im-
pedes the nervous system to process all of them with the same degree of
conscious awareness. Hence, part of the visual information used to guide
motor decisions remains implicit (Mayr, 2004; Sumner et al., 2007; van
Gaal et al., 2010; Alamia et al., 2016; Derosiere et al., 2017a, 2017b).
Strikingly, though numerous studies have characterized how sensory ev-
idence drives choice-selective motor activity when provided through ex-
plicit cues (Tosoni et al., 2008; Donner et al., 2009; Gould et al., 2012;
Wyart et al., 2012), very little is known about the neural mechanisms
that underlie the integration of implicit sources of information. In fact,
the findings of a former electroencephalography (EEG) study indicate
that subliminal priming stimuli may bias action choices by tuning poten-
tial amplitudes in the motor cortex (Dehaene et al., 1998). Yet, whether
and how implicit sensory signals influence oscillatory motor activity re-
main open questions.

In the present study, we used EEG to investigate the impact of im-
plicit visual cues on response-locked potentials and oscillatory activity
in the motor cortex during decision-making. Subjects performed a ran-
dom dot motion (RDM) task which required them to select between left
and right index finger responses according to the dominant motion di-
rection of a cloud of dots presented in one of three possible colors. Un-
beknown to the participants, the color cue could bring evidence in favor
of one of the two motor responses. In fact, two of the three colors were
frequently associated with a given motion direction (i.e., 80% of the
time), hence providing subjects with additional evidence regarding the
correct response (Alamia et al., 2016). Besides, when presented with the
opposite motion direction, these two colors yielded evidence against the
selection of the correct response (i.e., they prompted subjects to select
the incorrect response; 20% of occurrence). The third color appeared in
equal proportions for both motion directions and was uninformative re-
garding the correct response.

2. Materials and methods

2.1. Participants

18 healthy naive subjects participated in this study (13 women,
24.3±1.8 years old). All subjects were right-handed according to the
Edinburgh Questionnaire and had normal or corrected-to-normal vision.
None of the participants had any neurological disorder, history of psy-
chiatric illness, drug or alcohol abuse, or were under any drug treatment
that could influence performance. Participants were financially compen-
sated for their participation. The protocol, in agreement with the Dec-
laration of Helsinki, was approved by the institutional review board of
the Université Catholique de Louvain, Brussels, Belgium, and required
written informed consent signed by each participant.

2.2. Experimental design

Subjects sat on a comfortable chair in front of a 21-inches cathode
ray tube computer screen, with their head supported by a chinrest at
60cm from the monitor. The refresh rate was set at 100Hz. The left
and right forearms were placed on the surface of the table with each
hand holding a computer mouse. The left and the right index fingers
were positioned over the right and left buttons of the left and right
mice, respectively. Participants wore a 32 Ag/AgCl electrode EEG cap
placed according to the international 10/20 system during the experi-
ment (Waveguard 32 cap, Cephalon A/S, Denmark). EEG signals were
amplified and digitized using a sampling rate of 1000Hz (32-channel

high-speed amplifier, Advanced Neuro Technology, The Netherlands).
Electrode impedances were kept below 10kΩ. An average reference was
exploited for all recordings.

2.3. Task

We used the RDM task (Murphy et al., 2016). The task was imple-
mented in Matlab 7.5 (The Mathworks, Natick, Massachusetts, USA) us-
ing the Psychophysics toolbox, version 3.0.9 (Brainard, 1997). Each trial
started with the presentation of a warning signal, a white fixation cross
(+), displayed at the centre of the gray screen for 600 ms. This signal
indicated the beginning of the trial. Then, a cloud of moving dots ap-
peared for 300 ms before being replaced by a gray screen. Subjects were
required to select between left or right index finger responses as accu-
rately as possible according to the dominant motion direction of the dots
(i.e., left and right directions, respectively). In the absence of response,
the gray screen disappeared after a delay of 1000ms from the onset of
the cloud, and the response was considered as incorrect (less than 1% of
the trials). An auditory feedback was provided at the end of each trial;
high- and low-pitch sounds indicated correct and incorrect responses,
respectively. The time course of a typical trial is depicted in Fig. 1A.

Importantly, in each trial, the cloud of dots could be colored in ei-
ther red, green or blue. Unbeknown to the subjects, two of the three
colors (e.g., red and green) occurred in different proportions in trials
involving left and right motion directions, while the third color (e.g.,
blue) appeared in equal proportions for both directions (see Fig. 1B;
the color-to-motion assignment was counterbalanced across subjects).
As such, one color (e.g., red) occurred 80% of the time when the motion
direction was left, and only 20% of the time when it was right. Con-
versely, another color (e.g., green) occurred 80% of the time when the
motion direction was right, and only 20% of the time when it was left.
Hence, some trials involved a highly frequent color-motion association
(i.e., “red-left” and “green-right” in the above example), while other tri-
als entailed a very unlikely one (i.e., “red-right” and “green-left” in the
example).

The color of the dots was exploited as an implicit cue (I-Cue) to
provide subjects with evidence either for or against the correct mo-
tor response, depending on whether the trial involved a frequent or
an unlikely color-motion association (see Fig. 1B; Alamia et al., 2016;
Derosiere et al., 2017a, 2017b). In the former trial type (i.e., involving
a frequent association), the color yielded evidence for the selection of
the correct response, hence helping subjects to select this response; we
call these trials “I-Cue⁠For trials”. Contrariwise, in the latter trial type (i.e.,
unlikely association), the color presented to the subject corresponded to
the one mostly associated with the opposite motion direction. Hence,
it yielded evidence against the selection of the correct response (i.e., it
brought evidence for the selection of the incorrect response); we call
these trials “I-Cue⁠Against trials”. Finally, the color assigned in equal pro-
portion to both motion directions was uninformative regarding the cor-
rect response; we call these trials “I-Cue⁠Neutral trials”. I-Cue⁠Neutral trials
served as the control condition. Note that to ensure that subjects paid
attention to the color of the dots throughout the experiment, we asked
them to report it in 10% of the trials. During these trials, three circles
(i.e., one of each color) were simultaneously displayed to the partici-
pants following feedback presentation; participants were asked to report
the color they saw in the last cloud of dots (i.e., in the last trial realized)
by clicking on the corresponding circle with the right mouse. There was
no time-limit and participants were provided with high- (low-) pitch au-
ditory feedback in case of correct (incorrect) response. These trials oc-
curred pseudo-randomly in each block.
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Fig. 1. Task. A. In this typical trial, the dominant motion direction is right, as represented
by the small black arrows in the cloud. For representative purposes, the number of dots
was reduced. B. I-Cue⁠For trials (pink) involved a frequent color-motion association: hence,
the color cue implicitly provided the subjects with additional evidence for the selection
of the correct motor response. Conversely, I-Cue⁠Against trials (yellow) involved an unlikely
color-motion association: here, the color cue corresponded to the one frequently associated
with the opposite motion direction, hence providing participants with evidence against the
selection of the correct response (i.e., by prompting subjects to select the incorrect one).
Finally, in I-Cue⁠Neutral trials (orange), the color was assigned in equal proportion to both
motion directions and was uninformative regarding the appropriate action to select. (For
interpretation of the references to color in this figure legend, the reader is referred to the
Web version of this article.)

2.4. Experimental protocol

Each experiment started with a training stage composed of 8 blocks
of 60 trials, with each block lasting 3min. During this training, par-
ticipants performed the RDM task without color manipulation (i.e., the
cloud of dots was black on gray background), and the motion coherence
(i.e., the percentage of dots moving coherently in the same direction)
was adapted after each block. The coherence was set at 100% in the
first block to enable the subjects to familiarize with the task, and was
then decreased to 90% in the second block. In the following blocks, the
coherence was either (1) increased by 5% if the proportion of correct
choices (i.e., accuracy) was lower than 0.6, (2) kept constant if accu-
racy was between 0.6 and 0.8, or (3) decreased by 10% if accuracy was
higher than 0.8. The goal of this procedure was to ensure that all partic-
ipants started the color-based version of the RDM task (see Task section)
with an average accuracy of 0.7.

Once the training stage was completed, the EEG cap was set and
participants performed the color-based RDM task; 8 blocks of 60 trials
were realized, during which motion coherence was kept constant. Par-
ticipants were allowed to have short pauses between each block. The
whole experiment lasted approximately 90min.

2.5. Explicit tests and questionnaire

Participants were never told about the association between the col-
ors and the motion directions. However, in order to control for the im-
plicit nature of the association empirically, each subject underwent a
questionnaire immediately after having completed the last block of tri-
als (see Alamia et al., 2016; Derosiere et al., 2017a, 2017b, for a simi-
lar procedure). Subjects were asked the three following questions (orig-
inally in French): 1. “Did you perceive any difference in the cloud of dots
between the rightward and leftward motion directions?”; 2. “Did you feel any
difference in the perception of the motion direction when presented with the
red, the green or the blue color?”; 3. “Did you notice any association between
the motion directions or the finger responses and the color of the dots?”. They
were required to answer in a written form. None of the participants an-
swered positively to the third question.

Importantly, the results of our previous study (Alamia et al., 2016)
showed that participants who fail to report the association in such ques-
tionnaires, also fail to report the association in more sensitive tests, such
as in generative and familiarity tests (Newell and Shanks, 2014). The re-
sults obtained in these tests in Alamia et al. (2016) are presented in Fig.
2 (n=18). Three tests were performed. First, a generative motion test
was realized (Fig. 2A): participants were presented with a static but col-
ored cloud of dots and were asked to associate a motion direction with
the color. Second, a generative color test was performed (Fig. 2B): here,
participants were presented with a patch of black dots moving either
to the left or to the right direction and were asked to associate one of
the three colors with the motion direction. Finally, a familiarity test was
realized (Fig. 2C): participants were asked to rate, from 1 to 10, how
familiar they found different moving and colored clouds of dots, repre-
senting the color-motion associations they encountered in the three trial
types of the experiment (i.e., I-Cue⁠For, I-Cue⁠Againstand I-Cue⁠Neutral). Each
generative test comprised 30 trials and the familiarity test comprised 42
trials.

A Bayes Factor (BF) analysis of the data obtained in the genera-
tive motion test (Fig. 2A) revealed that the probability of choosing a
given motion direction over another did not statistically depend on the
color presented (i.e., left motion-associated color, right motion-associ-
ated color or neutral color; BF value=90.01, p=.02). This indicates
that subjects selected to a comparable extent the left and right motion
directions, independently of the color they were presented with, thus
revealing a lack of awareness of the color-motion associations which

3
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Fig. 2. Explicit tests (performed on a sample in 18 subjects; data from Alamia et al., 2016). A. Left: Time course of a trial in the generative motion test. Right: Results obtained in the
generative motion test. The probability of choosing the right motion direction is displayed (y-axis) for each color presented (x-axis; i.e., left motion-associated color [black], right mo-
tion-associated color [dark gray] and neutral color [light gray]). The graph suggests that the probability of choosing a given motion direction did not to depend on the color presented. B.
Left: Time course of a trial in the generative color test. Right: Results obtained in the generative color test. Values on the y-axis represent the probability of choosing one of the three color
types displayed along the x-axis (i.e., color frequently associated [pink], rarely associated [orange] and equally associated [yellow] with the displayed motion direction). The graph shows
that each color type was selected to the same extent by the subjects. C. Left: Time course of a trial in the familiarity test. Right: Results obtained in the familiarity test. The familiarity
ratings are represented (y-axis) for each of the three trial types (I-Cue⁠For, I-Cue⁠Against and I-Cue⁠Neutral trials). The graph indicates that subjects did not report finding a given trial type more
familiar than another, despite the higher (lower) rate of occurrence of I-Cue⁠For trials (I-Cue⁠Against trials) compared to I-Cue⁠Neutral ones in the RDM task. (For interpretation of the references
to color in this figure legend, the reader is referred to the Web version of this article.)

were embedded in the RDM task. Similarly, the BF analysis performed
on the data obtained in the generative color test (Fig. 2B) showed that
the probability of choosing a given color over another did not statisti-
cally depend on the motion direction presented (i.e., left or right mo-
tion direction; BF value=33.11 p=.03). This reveals that subjects se-
lected to a comparable extent each color, independently of the motion
direction they were presented with, confirming that participants were
unable to explicitly report the color-motion associations. Finally, the

BF analysis performed on the data obtained in the familiarity test (Fig.
2C) revealed that the rating scores – representing how much subjects
felt familiar with each cloud of dots – did not statistically depend on the
trial type they were presented with (BF value=38.11, p=.03). This
last result shows that subjects were unaware that specific color-motion
associations were more frequent (e.g., I-Cue⁠For trials) than others (e.g.,
I-Cue⁠Against).
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Altogether, the results obtained in the questionnaire, in the genera-
tive tests and in the familiarity test of our previous study (Alamia et al.,
2016) coherently indicate that subjects were unaware of the color-mo-
tion associations at the end of the experiment. Hence, it is reasonable
to assert that the informative value of the color cue remained implicit
in the present study (Destrebecqz and Peigneux, 2005; Gaillard et al.,
2014; Derosiere et al., 2017a, 2017b).

2.6. Data analyses

2.6.1. Behavioral data
Finger responses were classified according to the trial type in which

they were provided (i.e., I-Cue⁠For, I-Cue⁠Neutral and I-Cue⁠Against trials; left
and right motion directions pooled together). For each trial type, we cal-
culated the proportion of correct responses (accuracy) and their reaction
times (RTs).

2.6.2. EEG data
All EEG data were processed on Matlab (The Mathworks Inc. Natick,

Massachusetts, USA) using Letswave 6 (Mouraux and Iannetti, 2008).
The EEG signals were filtered using a 0.01–100 Hz bandpass Butter-
worth filter. The data were then segmented in epochs extending from
−1000 to +200 ms with respect to button press (i.e., signals were re-
sponse-locked; the whole analysis has been also performed on stimu-
lus-locked signals, revealing the same statistical effects as obtained with
response-locked analysis; for the sake of simplification, we thus focus on
the response-locked analysis in the followings). An Independent Compo-
nent Analysis (ICA) was computed to remove components correspond-
ing to eye blinks, eye movements and electrical line noise (Delorme
et al., 2007); signals were screened visually and epochs with residual
artifacts were rejected. A current source density (CSD) transformation
was subsequently applied to the scalp voltage data. By acting as an effi-
cient source separation method and reducing the skull-induced volume
conduction (Vidal et al., 2015), the CSD transformation allowed us to
strongly enhance the spatial specificity of the signals (McTeague et al.,
2015; Burle et al., 2016), providing a fair estimate of the corticogram
(Tenke and Kayser, 2012).

The epochs associated with correct responses were selected and clas-
sified according to the trial type (i.e., I-Cue⁠For, I-Cue⁠Neutral and I-Cue⁠Against
trials). Signals recorded at the C3 and C4 electrode locations were then
selected and classified as either contralateral or ipsilateral to the re-
sponse (Murphy et al., 2016); data were collapsed across response sides.
Note that as the analysis focused on correct responses, pooling together
left and right responses was equivalent to grouping left and right mo-
tion directions. Event-related potential (ERP) and event-related spectral
power (ERSP) analyses were subsequently realized for both hemispheres
(contralateral, ipsilateral) and each trial type.

In the ERP analysis, the signals were averaged across epochs to at-
tenuate the contribution of neural activity that was not phase-locked
to the onset of the button press (Derosiere et al., 2015; Burle et al.,
2016). A baseline subtraction was realized on the resulting ERP wave-
forms. The time window exploited for baseline correction extended from
−900 to −600ms with respect to the button press. This time window
was defined based on the RTs of the subjects which ranged between
375ms and 575ms across subjects. Hence, stimuli occurred between
−575ms and −375ms with respect to the response and the period ex-
ploited for baseline correction did not overlap with stimulus occurrence
or with the resulting visual-evoked potential. Signals were subsequently
cropped between −600 and 0ms in order to focus on the decision-mak-
ing processes occurring before response execution.

In the ERSP analysis, a time-frequency distribution was calculated
for each epoch using a Short-Time Fast-Fourier Transform (ST-FFT;
Zhang et al., 2012), with a fixed Hanning window of 250ms width.

The explored frequencies ranged from 1 to 100Hz in steps of 0.33Hz
(i.e., 300 frequency lines), and the latencies extended from −1000 to
+200 ms in steps of 1 ms. On the resulting maps, the value of each
time-frequency point was baseline-corrected using a time window rang-
ing from −900 to −600 ms (z-score correction; Hu et al., 2014). As
in the ERP analysis, the maps were then cropped between −600 and
0ms. The baseline correction yielded an ERSP response in which posi-
tive and negative spectral power values corresponded to event-related
synchronization and desynchronization, respectively (Grandchamp and
Delorme, 2011). The epochs were finally averaged together.

Hence, six ERP waveforms and six ERSP maps were obtained in each
subject. That is, we obtained a waveform and a map for both hemi-
spheres (contralateral, ipsilateral) and for the three trial types (I-Cue⁠For,
I-Cue⁠Neutral, I-Cue⁠Against trials). Cluster-based statistical analyses were
used to assess the effect of the factors HEMISPHERE and TRIAL on these
data (Maris and Oostenveld, 2007), as described below.

2.7. Statistical analyses

2.7.1. Behavioral data
Behavioral data were analyzed using Statistica software (version 7.0,

Statsoft, Oklahoma, United-States). We performed repeated-measures
analyses of variance (ANOVA⁠RM) on accuracy and RT data with TRIAL
(I-Cue⁠For, I-Cue⁠Neutral, I-Cue⁠Against) as a within-subject factor. When ap-
propriate, Fisher's LSD post-hoc tests were used to detect paired differ-
ences. The significance level was set at p<.05. Results are expressed as
mean±SE.

2.7.2. EEG data
Cluster-based statistical analyses were used to assess the effect of

the factors HEMISPHERE (contralateral, ipsilateral) and TRIAL (I-Cue⁠For,
I-Cue⁠Neutral, I-Cue⁠Against) on: (1) the potential amplitudes among the mul-
tiple time-points composing the ERP waveforms and (2) the spectral
power among both the time-points and the different frequencies com-
posing the ERSP maps. The cluster-based analyses involved two main
steps.

In a first step, an ANOVA was performed for each data point in the
ERP and the ERSP analyses using the factors mentioned above. F-val-
ues exceeding an alpha level of p=.05 were selected and clustered in
connected sets based on their temporal adjacency in the ERP analyses
and based on both their temporal and frequency adjacencies in the ERSP
analyses. Cluster-level F-values were subsequently computed as the sum
of each individual F-value.

In a second step, to account for the multiple-comparison problem re-
sulting from the ANOVAs performed in step 1, Monte-Carlo permutation
tests were performed. For each subject, data were randomly permuted
across conditions, resulting in a so-called "random partition" (separate
analyses on ERP signals and ERSP maps). This step can be considered
as equivalent to randomly switching the labels of the data, indepen-
dently for each subject. Based on the random partition, a point-by-point
ANOVA was performed in the exact same manner as during step 1.
The random partitioning and the subsequent calculation of the clus-
ter-level F-values were re-iterated 1000 times. A histogram of the F-val-
ues was then constructed. For each tested effect, the proportion of ran-
dom partitions that resulted in larger F-values than the observed one
was finally calculated. This proportion represents the Monte-Carlo sig-
nificance probability, also called p-value. If, for a given effect and a
given data point, less than 5% of the random partitions resulted in a
larger F-value than the one observed in the first step of the analysis,
then it is considered as significant for that data point at p<.05.

When a significant effect involved more than two conditions,
post-hoc tests were required to test which pairwise difference(s) drove
the statistical difference detected. For each condition, the values of
every data point composing the significant cluster were averaged into
a sin
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gle value; Fisher's LSD post-hoc tests were used to detect paired differ-
ences on the averaged values.

3. Results

3.1. Behavior

3.1.1. Reaction time
The ANOVA⁠RM performed on the RT data revealed a significant

main effect of the factor TRIAL (F⁠2,34 =7.69, p=.001; Fig. 3A). Specif-
ically, RTs were significantly shorter in I-Cue⁠For (484±12ms) than in
I-Cue⁠Neutral (494±13ms) and I-Cue⁠Against trials (501±13ms; p=.027
and .0004, respectively). Further, an additional analysis of the RT data
including the factor BLOCK did not reveal any significant change in
RT over the course of the experiment (main effect of BLOCK:
F⁠2,408 = 1.979, p = .13; TRIAL*BLOCK interaction: F⁠7, 408 =0.19,
p=.99), indicating that the effect of TRIAL on RTs did not vary over
time. Hence, subjects were faster to select the correct action when the
implicit color cue provided them with additional evidence regarding
that response (i.e., in trials involving a frequent color-motion associa-
tion). Conversely, they tended to slow down their decision time when
the implicit cue yielded evidence against the selection of the correct
response (i.e., in trials involving an unlikely color-motion association;
p=.11 when comparing I-Cue⁠Against and I-Cue⁠Neutral trials), in accor-
dance with previous observations (Alamia et al., 2016, 2018).

3.1.2. Accuracy
The ANOVA⁠RM performed on the accuracy data also revealed a sig-

nificant main effect of the factor TRIAL (F⁠2,34 =4.15, p=.024; Fig.
3B). As such, accuracy was significantly higher in I-Cue⁠For trials
(0.826±0.012) than in the I-Cue⁠Against ones (0.788±0.017; p=.007);
although not significant, subjects also tended to be more accurate in
I-Cue⁠For than in I-Cue⁠Neutral trials (0.803±0.010; p=.092). Accuracy
was comparable in I-Cue⁠Neutral and I-Cue⁠Against trials (p=.274). An addi-
tional analysis of the accuracy data including the factor BLOCK did not
reveal any significant change in accuracy over the course of the experi-
ment (main effect of BLOCK: F⁠2,408 = 1.848, p = .08; TRIAL*BLOCK in-
teraction: F⁠7, 408 =0.44, p=.94), indicating that the effect of TRIAL on
accuracy did not vary over time. Hence, subjects were better at select-
ing the correct action when the implicit cue provided them with addi-
tional information regarding the correct response, as observed in previ-
ous studies (Alamia et al., 2016). Conversely, no significant change in
decision accuracy was observed in trials where the implicit cue yielded
evidence against the selection of the correct response.

Fig. 3. Impact of the factor TRIAL on the RT (A) and accuracy (B) data. Group-level
means±SEs are represented for the I-Cue⁠For (pink), I-Cue⁠Neutral (orange) and I-Cue⁠Against
(yellow) trials. *: Significant difference at p < .05. NS: No-Significant. (For interpretation
of the references to color in this figure legend, the reader is referred to the Web version of
this article.)

3.2. EEG

3.2.1. Event-related potentials (ERPs)
Grand-average ERP waveforms and topographies are provided in

Fig. 4. The cluster-based analysis revealed a significant main effect of
the factor HEMISPHERE on a cluster of data points, extending from
−155 to −40ms with respect to the motor response (Fig. 4A). As ex-
pected for this time window, the amplitude of the ERP was signifi-
cantly higher (i.e., more negative) in the contralateral than in the ipsilat-
eral hemisphere (p<.0001). Besides, no significant effect of the factor
TRIAL, nor of its interaction with the factor HEMISPHERE, was found
on the ERP data (Fig. 4B and C). Hence, the ERP analysis revealed a
buildup of choice-selective activity during the selection process: activity
became stronger over the motor cortex contralateral to the chosen fin-
ger as movement execution drew nearer. This effect did not depend on
whether the implicit cue yielded evidence for or against its selection.

3.2.2. Event-related spectral power (ERSP)
Grand-average ERSP maps, topographies and post-hoc results are

provided in Figs. 5–7. The cluster-based analysis revealed a significant
main effect of the factor HEMISPHERE on two clusters of the ERSP data
points (Fig. 5A). A first cluster extended from −150 to 0ms with re-
spect to the motor response and spread from 1 to 7Hz, corresponding
to low frequency oscillations (LFO). In this time-frequency window, the
ERSP was significantly higher (i.e., stronger synchronization) in the con-
tralateral than in the ipsilateral hemisphere (p=.001; see Fig. 5B to
D). A second cluster expanded from −190 to 0ms and spread from 22
to 27Hz, corresponding to beta frequency oscillations (BFO). Here, the
ERSP was significantly lower (i.e., stronger desynchronization/β-ERD) in
the contralateral than in the ipsilateral hemisphere (p=.033, Fig. 5B to
D, left). Hence, similarly to the ERPs, the spectral power also revealed a
buildup of choice-selective activity during the selection process: the con-
tralateral motor cortex exhibited a more pronounced synchronization of
LFO and a stronger desynchronization of BFO as movement execution
approached compared to the ipsilateral one.

Interestingly, our cluster-based analysis also revealed a significant
main effect of the factor TRIAL on two clusters of data points centered
on the LFO and the BFO (Fig. 6A, centre). A first cluster extended from
−290 to 0ms with respect to the response and spread from 1 to 7Hz
(LFO). In this window, LFO were more synchronized in I-Cue⁠For than
in I-Cue⁠Against trials (p=.001). Further, LFO synchronization tended to
be stronger in I-Cue⁠For trials, and weaker in I-Cue⁠Against trials, compared
to I-Cue⁠Neutral ones (p=.097 and .067, respectively; see Fig. 6B and C).
A second cluster expanded from −350 to 0ms and spread from 14 to
35Hz, encompassing thus the whole range of BFO. Here, BFO showed
a stronger desynchronization (i.e., stronger β-ERD) in I-Cue⁠For trials
than in I-Cue⁠Against ones (p<.0001; comparison with I-Cue⁠Neutral trials:
p=.112). Further, BFO was also less desynchronized in I-Cue⁠Against tri-
als than in I-Cue⁠Neutral ones (p<.0001; Fig. 6B and C). Hence, implicit
cues induced a bilateral, choice-independent, effect on oscillatory motor
activity. Indeed, both motor cortices (i.e., contralateral and ipsilateral to
the chosen finger) displayed a more pronounced LFO synchronization
and a stronger BFO desynchronization in trials where the implicit cue
provided subjects with additional information regarding the correct ac-
tion to select, compared to when it provided evidence against the cor-
rect response.

Most importantly, the HEMISPHERE and TRIAL effects reported
above on the BFO interacted together. Indeed, a significant HEMI-
SPHERE*TRIAL interaction was found on a cluster of data points ex-
tending from −160 to 0 ms and spreading from 16 to 25 Hz (i.e., corre-
sponding to low BFO), thus overlapping in part (but not entirely) with
the data points showing the HEMISPHERE and TRIAL effects (Fig. 7A).
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Fig. 4. Impact of the factor HEMISPHERE on the ERP data. A. The cluster-based sta-
tistical analysis revealed a significant main effect of the factor HEMISPHERE on a cluster
of data points, highlighted by the gray rectangle. B. Grand-average ERP waveforms as ob-
tained for the contralateral (solid lines) and ipsilateral (dashed lines) in the I-Cue⁠For (pink),
I-Cue⁠Neutral (orange) and I-Cue⁠Against (yellow) trials. The gray rectangle highlights the time
window of statistical significance. The small bar graph represents the cluster-level average
value (group-level mean±SE). Vertical lines represent the timing of stimulus occurrence
in each trial type (i.e., calculated based on the group-level mean RT). *: Significant dif-
ference at p < .05. C. Grand-average topographies at −100ms. (For interpretation of the
references to color in this figure legend, the reader is referred to the Web version of this
article.)

Fig. 5. Impact of the factor HEMISPHERE on the ERSP maps. A. The cluster-based
statistical analysis revealed a significant main effect of the factor HEMISPHERE on two
clusters of data points (highlighted in orange), centered on the low frequency oscillations
and beta frequency oscillations (LFO and BFO, respectively). B. Grand-average time-fre-
quency maps as obtained for the contralateral and ipsilateral hemispheres (top and bot-
tom maps, respectively; I-Cue⁠For, I-Cue⁠Neutral and I-Cue⁠Against trials pooled together). Positive
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and negative values represent event-related synchronization and desynchronization, re-
spectively. The time-frequency windows showing a significant HEMISPHERE effect are de-
lineated by black dashed lines. Vertical lines represent the timing of stimulus occurrence
(i.e., calculated based on the group-level mean RT; I-Cue⁠For, I-Cue⁠Neutral and I-Cue⁠Against
trials pooled together). C. Grand-average topographies as obtained for the LFO and BFO
(obtained at −50ms/5Hz and at −120ms/25Hz, respectively; I-Cue⁠For, I-Cue⁠Neutral and
I-Cue⁠Against trials pooled together). D. Post-hoc results. Time-frequency boundaries used to
calculate the cluster-level average values in each subject are: [-150 to 0ms]/[1–7Hz] and
[-190 to 0ms]/[22–27Hz] (i.e., for the LFO and BFO respectively). Bar graphs represent
group-level mean±SE (I-Cue⁠For, I-Cue⁠Neutral and I-Cue⁠Against trials pooled together). *: Sig-
nificant difference at p < .05. (For interpretation of the references to color in this figure
legend, the reader is referred to the Web version of this article.)

Hence, the bilateral effect of the factor TRIAL reported above on BFO
desynchronization was specific to the high BFO range (25–35Hz).

In the low BFO range, the type of TRIAL did not significantly alter
desynchronization in the ipsilateral hemisphere (I-Cue⁠For vs I-Cue⁠Neutral
trials: p=.759; I-Cue⁠For vs I-Cue⁠Against trials: p=.640; I-Cue⁠Neutral vs
I-Cue⁠Against trials: p=.441; Fig. 7E), but did so exclusively in the con-
tralateral one. In the latter hemisphere, desynchronization was signifi-
cantly stronger in I-Cue⁠For trials than in both I-Cue⁠Neutral and I-Cue⁠Against
ones (p=.002 and<0.0001, respectively), while it was weaker in
I-Cue⁠Against trials than in I-Cue⁠Neutral ones (p=.042). Consequently, de-
synchronization was stronger in the contralateral than in the ipsilat-
eral hemisphere in both I-Cue⁠For and I-Cue⁠Neutral trials (p=.001
and=0.016), while it was comparable in the two hemispheres in I-

Cue⁠Against trials (p=.439). Hence, implicit cues altered low BFO de-
synchronization in a choice-selective way. Desynchronization was in-
creased (reduced) in trials where the implicit cue provided subjects with
evidence for (against) the selection of the correct response specifically
in the motor cortex contralateral to the chosen finger.

3.3. Relationship between the behavioral data and low BFO
desynchronization

Our results indicate a significant effect of the implicit cues on (1)
decision speed and accuracy (Fig. 3) and on (2) low BFO desynchroniza-
tion in the contralateral hemisphere (Fig. 7). As a second-level analysis,
we assessed the relationship between these two effects.

To do so, we exploited the data measured in I-Cue⁠For and I-Cue⁠Against
trials. For each subject, both hemispheres and both trial types, the val-
ues of the data points composing the low BFO cluster that showed
the significant HEMISPHERE*TRIAL interaction were first averaged to-
gether. The cluster-level values obtained for the ipsilateral hemisphere
were subsequently subtracted from the values computed for the con-
tralateral one. This subtraction provided us with an indicator of low
BFO lateralization (BFO-Lat; Deiber et al., 2012); the lower the BFO-Lat,
the stronger the desynchronization in the contralateral hemisphere rel-
ative to the ipsilateral one (i.e., the stronger the lateralization). Then,
an implicit index was computed for each variable (i.e., for RT,

Fig. 6. Impact of the factor TRIAL on the ERSP maps. A. The cluster-based statistical analysis revealed a significant main effect of the factor TRIAL on two clusters of data points
(highlighted in orange), centered on the low frequency oscillations and beta frequency oscillations (LFO and BFO, respectively). B. Grand-average time-frequency maps as obtained in the
I-Cue⁠For (left map), I-Cue⁠Neutral (central map) and I-Cue⁠Against (right map) trials (contralateral and ipsilateral hemispheres pooled together). Positive and negative values represent event-re-
lated synchronization and desynchronization, respectively. The time-frequency windows showing a significant TRIAL effect are delineated by black dashed lines. Vertical lines represent
the timing of stimulus occurrence in each trial type (i.e., calculated based on the group-level mean RT). Note that red colors depict positive and negative values (i.e., synchronization and
desynchronization) for LFOs and BFOs, respectively. C. Post-hoc results. Time-frequency boundaries used to calculate the cluster-level average values in each subject are: [-290 to 0ms]/[
1–7Hz] and [-350 to 0ms]/[14–35Hz] (i.e., for the LFO and BFO, respectively). Bar graphs represent group-level mean ± SE (contralateral and ipsilateral hemispheres pooled together).
*: Significant difference at p < .05. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)
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Fig. 7. Impact of the factors HEMISPHERE and TRIAL on the ERSP maps. A. The cluster-based statistical analysis revealed a significant HEMISPHERE*TRIAL interaction on a cluster
of data points (highlighted in orange), centered on the low beta frequency oscillations (BFO). B. Grand-average time-frequency maps as obtained for the contralateral and ipsilateral
hemispheres (top and bottom rows, respectively) in the I-Cue⁠For (left column), I-Cue⁠Neutral (central column) and I-Cue⁠Against (right column) trials. Positive and negative values represent event-re-
lated synchronization and desynchronization, respectively. The time-frequency window showing a significant HEMISPHERE*TRIAL interaction is delineated by the black dashed lines. C.
Difference maps obtained from subtracting the values of the data points obtained for the ipsilateral hemisphere from those of the corresponding data points for the contralateral one. The
obtained values inform us about the lateralization of the ERSP in I-Cue⁠For (left column), I-Cue⁠Neutral (central column) and I-Cue⁠Against (right column) trials. The time-frequency window showing
a significant HEMISPHERE*TRIAL interaction is delineated by black dashed lines. Vertical lines represent the timing of stimulus occurrence in each trial type (i.e., calculated based on
the group-level mean RT). D. Grand-average topographies as obtained for the LFO and BFO (top and bottom rows, respectively). The time-frequency parameters exploited to compute the
topographies are provided in brackets. E. Post-hoc results. Time-frequency boundaries used to calculate the cluster-level average values in each subject are: [-160 to 0 ms]/[16–25 Hz].
Bar graphs represent group-level mean ± SE. *: Significant difference at p < .05. (For interpretation of the references to color in this figure legend, the reader is referred to the Web
version of this article.)

accuracy and BFO-Lat) by subtracting the values obtained in I-Cue⁠Against
trials from those associated with I-Cue⁠For trials; the larger this index,
the stronger the effect of the implicit cue on the considered variable.

Spearman correlation analyses were performed to test for any relation-
ship between (1) the BFO-Lat and the RT implicit indices and (2) the
BFO-Lat and the accuracy implicit indices.
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Interestingly, the analysis revealed a significant positive correlation
between the BFO-Lat and the RT indices (R=0.63, p=.004; Fig. 8).
That is, the more the lateralization of BFO desynchronization increased
in I-Cue⁠For trials compared to I-Cue⁠Against ones, the more the RT de-
creased (i.e., the faster the subjects were to respond) in the former trial
type compared to the later one. Importantly, an additional analysis also
revealed a positive correlation when the actual BFO desynchronization
values obtained in the contralateral hemisphere were exploited to com-
pute the implicit index (i.e., instead of the BFO-Lat values; R=0.59,
p=.011); this correlation was absent when the BFO desynchronization
values obtained in the ipsilateral hemisphere were used to compute the
implicit index (R=0.25, p=.319). Therefore, the significant correla-
tion reported between the BFO-Lat and the RT indices was strongly
driven by the effect present in the contralateral hemisphere. Besides,
the correlation analysis did not reveal a significant link between the
BFO-Lat and accuracy indices (R=0.16, p=.501). Hence, these results
suggests that the higher contralateral low BFO desynchronization ob-
served in I-Cue⁠For may have boosted the speed at which the correct re-
sponse was selected. Conversely, the change in low BFO desynchroniza-
tion in I-Cue⁠For trials does not seem to account for the higher accuracy
of subjects in this condition.

4. Discussion

This study examined the impact of implicit visual cues on motor
cortical activity during decision-making. EEG was recorded while par-
ticipants had to select between left and right index responses accord-
ing to the motion direction of a cloud of dots which was presented in
one of three colors. Unbeknown to the participants, two colors were
frequently associated with a given direction, providing them with ev-
idence for the selection of the correct response (I-Cue⁠For trials). When
presented with the opposite direction, these two colors yielded evi-
dence against the selection of the correct response (I-Cue⁠Against trials).
The third color appeared in equal proportions for both directions and
was uninformative (I-Cue⁠Neutral trials). As expected, subjects required a
shorter (longer) amount of time, and showed a higher (lower) propen-
sity, to select the correct response in I-Cue⁠For (I-Cue⁠Against) trials com-
pared to I-Cue⁠Neutral ones. Interestingly, LFO synchronization (1–7Hz)
and high BFO desynchronization (25–35Hz) were stronger in I-Cue⁠For
than in I-Cue⁠Against trials, in both motor cortices (i.e., contralateral or ip-
silateral to the chosen finger), indicating a bilateral impact of the im-
plicit cues on neural activity. Further, implicit cues altered low BFO de-
synchronization (16–25Hz) in a choice-selective way. Indeed, low BFO

desynchronization was increased in I-Cue⁠For and reduced in I-Cue⁠Against
trials (compared to I-Cue⁠Neutral ones) in the motor cortex contralateral to
the chosen finger, while it was comparable across trial types in the ipsi-
lateral one. The relevance of the latter effect for behavior was substan-
tiated by a positive correlation, showing that individuals who presented
the strongest impact of the implicit cues on low BFO desynchronization
were also those whose decision speed was the most boosted by the cues.

4.1. The informative value of the color cues remained implicit

One chief issue in the current study regards to whether subjects re-
mained unconscious about the informative value of the color cues. Our
data indicate that it was the case. Indeed, all participants answered neg-
atively to the questionnaire provided at the end of the experiment, and
previous studies with an identical experimental design showed that neg-
ative answers to questionnaires are associated with failures to report
associations in the so-called generative and familiarity tests, classically
used to evaluate participants’ awareness of an experimental manipula-
tion (Destrebecqz and Peigneux, 2005; Alamia et al., 2016). Further-
more, it is sensible to assume that any subject aware of the informa-
tive value of the color would have based her/his choices mostly on it,
as detecting the color is easier than discriminating the dominant mo-
tion direction of the cloud of dots (the latter being “noisy”). Such a shift
from motion-to color-based decisions would have produced drastic be-
tween-condition differences – i.e., a substantial boost in decision speed
and accuracy would have been then observed in I-Cue⁠For trials. Yet, we
did not observe such large effects in our dataset. Instead, the color cue
only altered decision speed and accuracy to a small extent with no sig-
nificant evolution over the course of the experiment, compatible with
effects reported in similar studies on implicit processing (Alamia et al.,
2016; Derosiere et al., 2017a, 2017b). Altogether, these results indicate
that subjects were unaware of the informative value of the color cues.

4.2. Motor cortex exhibited choice-selective activity

Decision-making was associated with a prominent activity in the
motor cortex contralateral to the chosen index finger. Indeed, ERP
amplitude, LFO synchronization (1–7Hz) and BFO desynchronization
(22–27Hz) all became larger in the contralateral than in the ipsilateral
motor cortex from approximately −200ms preceding movement onset.
These findings corroborate previous observations from the literature in

Fig. 8. Relationship between the impact of the implicit cues on the lateralization of BFO desynchronization (BFO-Lat; x-axis) and on RTs (y-axis). The correlation presented in
the left panel was performed on implicit indices computed as the difference between the values obtained in I-Cue⁠For trials and those obtained in I-Cue⁠Against trials (see main text). The small
inset depicts the correlation when subject 18 (i.e., presenting extreme values) is removed. Right panel shows the BFO-Lat maps (i.e., computed as [contralateral map – ipsilateral map])
and the RT values of two subjects. Vertical lines represent the timing of stimulus occurrence in I-Cue⁠For (pink) and I-Cue⁠Against (yellow) trials for each subject. Subject 9 (red rectangle)
did not show any apparent increase in BFO-Lat in I-Cue⁠For compared to I-Cue⁠Against trials. Similarly, this subject's RT was comparable in the former and the latter trial type (+10 ms).
Conversely, subject 18 displayed a relative increase in BFO-Lat in I-Cue⁠For compared to I-Cue⁠Against trials and exhibited a strong reduction in RT in the former trial type compared to the
latter one (−75ms). (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)
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dicating that the motor cortex displays a buildup of choice-selective ac-
tivity during decision-making (Nguyen et al., 2014; Noorbaloochi et al.,
2015; Murphy et al., 2016). Our main goal was to examine the impact
of implicit visual cues on these decision-related changes in motor activ-
ity.

4.3. Implicit cues tuned oscillatory motor activity in a choice-independent
way

A key, yet unexpected, finding is that implicit cues induced a bi-
lateral, choice-independent modulation of oscillatory activity, occurring
in both the contralateral and ipsilateral motor cortex. LFO synchroniza-
tion and high BFO desynchronization were indeed stronger when the
implicit cue provided evidence for the selection of the correct action,
compared to when it provided evidence against the correct response, in-
dependently of the considered motor cortex. What may explain such a
bilateral modulation of motor activity with implicit cues? One possibil-
ity is that it has to do with the level of certainty regarding the appro-
priate action to select. Indeed, previous work has shown that increasing
certainty about which action to select (i.e., as in I-Cue⁠For trials) leads
to an overall increase in neural activity in the motor system (Bestmann
et al., 2008; Gould et al., 2012; Cirillo et al., 2018). This global boost
is thought to bring activity closer to the decision threshold, reducing
the impact of new evidence bearing on the decision (de Lange et al.,
2010, 2011; Gould et al., 2012). Conversely, when certainty is reduced
due to the presence of sensory conflict (i.e., as in I-Cue⁠Against trials), the
motor system exhibits a global lowering of activity (Wessel and Aron,
2017), consistent with the presence of a “hold your horse” signal (Frank,
2006). Here, a global reduction of motor activity might increase the dis-
tance-to-threshold, allowing time for more evidence to accumulate to do
the “right thing”. Hence, implicit visual cues may tune motor activity
in a nonselective way to bring it either closer or further away from the
decision threshold depending on response certainty.

4.4. Implicit cues tuned oscillatory motor activity in a choice-selective way

Interestingly, the impact of implicit cues on part of BFO desynchro-
nization (i.e., in the low BFO range [16–25Hz]) was specific to the con-
tralateral motor cortex. In fact, low BFO desynchronization in the con-
tralateral motor cortex was stronger (weaker) when the implicit cue pro-
vided evidence for (against) the selection of the correct response com-
pared to when it was uninformative, while desynchronization was com-
parable across trial types in the ipsilateral motor cortex. Hence, in ad-
dition to the bilateral tuning of motor activity described above, implicit
cues also altered motor activity in a choice-selective way. This effect is
reminiscent of the findings of former studies showing that the buildup
rate of choice-selective motor activity scales with the strength of evi-
dence present in the visual world (Donner et al., 2009; Gould et al.,
2012; Wyart et al., 2012; Tosoni et al., 2014). Importantly though, most
previous work has focused on the impact of sensory evidence that was
provided explicitly and thus processed consciously. The current findings
therefore yield a critical extension of prior observations by indicating
that choice-selective activity in motor regions reflects the integration of
both explicit and implicit sources of evidence. Such an integration may
occur in the visual cortex (i.e., in the case of visual stimuli), which may
provide a weighted estimate of the amount of evidence in favor of each
action choice to the motor system (de Lange et al., 2013).

4.5. The impact of implicit cues on low BFOs predicted RTs

The extent to which implicit cues altered low BFO desynchroniza-
tion in a given subject partly predicted the subject's shift in decision

speed induced by the cues. Indeed, the more the I-Cue⁠For enhanced low
BFO desynchronization in the contralateral motor cortex specifically,
the larger the gain was on the response speed. This finding is consis-
tent with the proposal that BFO desynchronization and synchronization
are associated with readiness to move and maintenance of stillness, re-
spectively (Tzagarakis et al., 2010). In fact, a similar relationship be-
tween BFO desynchronization and RT has been observed in different
RT tasks (Misra et al., 2017; van Wijk et al., 2017). Most compellingly,
modulation of beta power through motor cortex stimulation was found
to alter the speed of motor behaviors (Pogosyan et al., 2009; Joundi et
al., 2012), suggesting a causal role of BFO in the generation of speeded
movements. The correlation we observed might go a step further with
respect to former studies though, as it does not indicate a mere relation-
ship between absolute beta power and RT values but instead highlights
a link between relative values depicting the impact of implicit cues on
each variable (i.e., beta power and RT). Hence, given the causal rela-
tionship formerly described between beta power and RTs, one may rea-
sonably suggest that the shift in response speed induced by implicit cues
was driven by the modulation of choice-selective beta oscillations.

4.6. Implicit cues did not alter motor-related ERPs

Contrary to oscillations, motor-related ERPs were unaffected by im-
plicit cues. An old, yet still accepted, view is that changes in oscillatory
activity stem from interconnections occurring between the recorded
area and distant brain structures (i.e., through recurrent [sub]cor-
tico-cortical loops), while ERPs emerge as a result of synchronous affer-
ent inputs to the neurons of the recorded area (Pfurtscheller and Lopes,
1999; Engel et al., 2001). Based on the present findings, one may thus
assume that integration of implicit information during decision-making
entails the recruitment of recurrent loops and does not rely on the mere
entry of synaptic inputs to the motor cortex. Such loops may occur be-
tween the visual and the motor cortex (i.e., the former continuously pro-
viding an estimation of sensory evidence to the latter; Cisek, 2012), and
between both motor cortices (i.e., inhibiting each other through mutual
inhibition to “win the competition”; Shen et al., 2010). Note though that
a previous study revealed an impact of subliminal priming stimuli on
motor-related ERPs (Dehaene et al., 1998). Hence, distinct neural mech-
anisms may be involved in the integration of implicit information de-
pending on whether it is provided through supraliminal (as in the pre-
sent study) or subliminal stimuli (as in Dehaene et al., 1998), an issue
for future investigation.

4.7. Methodological considerations

An alternative explanation of the results observed in the present
study would be that the larger synchronization/desynchronization in
I-Cue⁠For trials compared to I-Cue⁠Against ones were due to lower/higher
baseline activity in the former trial type compared to the latter one.
Nonetheless, it is reasonable to assume that the task design did not in-
duce any difference in baseline activity between the three trial types.
Indeed, the trial types only differed in terms of the informative value of
the implicit color cue, which was only presented to the subjects when
the cloud of dots appeared. Hence, subjects were in the exact same ex-
perimental conditions in each of the three trial types up to stimulus oc-
currence and, importantly, the time window exploited for baseline cor-
rection corresponded to the pre-stimulus period. Therefore, it is very un-
likely that differences in baseline activity altered the relative changes in
oscillatory activity measured during decision-making.

One may suggest that the changes in LFOs measured in the present
study over central electrodes might reflect an influence of the so-called
midfrontal theta (MFT) activity, which covers frequencies ranging be-
tween 4 and 8Hz (Derosiere et al., 2018; Gulbinaite et al., 2014). How
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ever, two major points let us think that it was not the case. First, we
found a significantly lower LFO synchronization in trials where the ex-
plicit motion information and the implicit color information were in
conflict and called for opposite responses (i.e., I-Cue⁠Against trials) com-
pared to trials in which both information called for the same response
(i.e., I-Cue⁠For trials). Oppositely, MFT activity is well-known to be sig-
nificantly higher in the face of conflicting trials (Gulbinaite et al., 2014;
Töllner et al., 2017; Vissers et al., 2018) or contexts (Derosiere et al.,
2018; Van Driel et al., 2015) than in non-conflicting ones. Second, LFO
synchronization was lateralized in the present study, with a significantly
stronger synchronization over the central electrodes contralateral to the
responding hand than over the ipsilateral ones. In contrast, conflict-re-
lated MFT activity is usually centered over midline electrodes, with
no lateralization with respect to the responding hand reported to date
(Derosiere et al., 2018; Gulbinaite et al., 2014; Töllner et al., 2017; Van
Driel et al., 2015; Vissers et al., 2018). Hence, the changes in oscilla-
tory activity observed in the present study in the low frequency range
(i.e., 1–7Hz) do not to share the functional and spatial features of MFT
activity. Given the choice-selective distribution of LFOs, it is sensible
to assume that their synchronization before movement reflected an in-
creased activity of the motor cortex, as previously suggested (Waldert et
al., 2015; Popovych et al., 2016).

4.8. Conclusion

In conclusion, our findings indicate that implicit visual cues tune
choice-selective oscillatory activity in motor regions during deci-
sion-making, boosting (weakening) the buildup of contralateral activity
when evidence favors (biases against) the selection of the appropriate
action. This modulation of motor activity impacts the speed at which the
appropriate action is eventually chosen. In addition to its choice-selec-
tive impact, implicit information also alters motor activity in a non-spe-
cific way: contralateral and ipsilateral activity are globally shifted to-
wards the decision threshold when implicit information increases cer-
tainty about which action to select, while it is downregulated when re-
sponse certainty is reduced.
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