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Abstract

Theta and alpha frequency neural oscillations are important for learning and cognitive
control, but their exact role has remained obscure. In particular, it is unknown whether they
operate at similar timescales, and whether they support different cognitive processes. We
recorded EEG in 30 healthy human participants while they performed a procedural learning
task containing both (block-unique) novel and repeating stimuli. Learning occurred at two
timescales (fast and slow). Behaviorally, both response time and accuracy improved (resp.
decrease and increase) over both fast and slow timescales. However, on the spectral level,
theta power significantly decreased along the slow timescale, whereas alpha power instead
significantly increased along the fast timescale. We thus demonstrate that theta and apha
both play arole during learning, but operate at different timescales. This result poses
important empirical constraints for theories on learning, cognitive control, and neural

oscillations.
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Theta and alpha power acrossfast and slow timescalesin cognitive contr ol

In daily life, agents frequently have to remember, apply, and automatize novel
stimulus-action mappings, a process which falls under the general umbrella of cognitive
control (Botvinick et al., 2001; Ridderinkhof, 2004). An example is changing the password
on your computer. The first few attempted logins, one might mistakenly input the previous

password, but over time the correct password is typed in immediately.

Previous research has started to identify the neural signatures of cognitive control. In
the spectral domain, theta band (4 — 8 Hz) oscillations were originally observed in the
hippocampus (Buzsaki, 2002; O’ Keefe, 1993; Vertes & Kocsis, 1997) and considered to be
crucial for memory formation. More recently, theta was also observed in structures of the
cerebral cortex, and became intensively studied in the cognitive-control literature (Cavanagh
& Frank, 2014). These theta oscillations are thought to be generated in the frontal-medial
(FM) cortex of the human brain (Anguera et al., 2013; Enriquez-Geppert et a., 2014;
Sauseng et a., 2019). In their seminal review, Cavanagh and Frank (2014) related theta to
cognitive control by showing that theta power increased for novel and difficult stimuli, as
well as for negative feedback (stimulus-locked) and errors (response-locked). An emerging
consensus suggests that cortical theta coordinates long-range interactions for implementation
of cognitive control. For example, using EEG in a Stroop task, Hansimayr et al. (2008)
showed that phase coupling between the anterior cingulate cortex and the |eft prefrontal
cortex lasted longer for incongruent stimuli than for neutral or congruent ones. Several other
studies have described theta frequency phase locking between frontal and other areasin
humans using EEG (Cohen, 2009; Nigbur et al., 2012; van de Vijver et al., 2011), as well as
in non-human animals using intracranial recordings (Narayanan et al., 2013; Phillips et al.,
2014). In short, recent literature suggests that theta plays a fundamental role in the exertion of

cognitive control.
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Alphaband (8-12 Hz) activity has also been implicated in cognitive control. Two
main effects are found when considering the interplay between alpha and cognitive control.
First, alpha power increases in task-irrelevant brain areas (Klimesch, 1999; Mazaheri et al.,
2009; Pfurtscheller, 2003). To explain thisincrease, Jensen and Mazaheri (2010) proposed
that alpha activity blocksirrelevant processing pathways, which in turn allows the relevant
brain areas to process the presented information more efficiently. This hypothesis was named
‘gating by inhibition’. Evidence comes from a study by Jokisch and Jensen (2007), in which
participants completed a delayed-match-to-sample task, discriminating either the identity or
the orientation of a presented picture of aface. Consistent with gating by inhibition, the
authors found that alpha activity increased in the brain area that wasirrelevant for the current
condition. Thus, an increase in alpha power might be linked to inhibition of atargeted (task-
irrelevant) area.

Second, alpha power decreases in task-relevant brain areas (Handel et al., 2011,
Jensen & Mazaheri, 2010; Thut, 2006). Using a go-no-go task, Mazaheri et a. (2009)
observed alphasuppression in task-relevant brain areas. Thus, whereas cognitive control is
typically accompanied by high FM theta power, it usually co-occurs with low posterior alpha

power.

Generally, both theta and alpha are modulated by cognitive control, albeit in a
different direction (in- and decrease for theta and alpha, respectively). Also on atrial-to-trial
basis, theta and alpha power are (negatively) correlated. Mazaheri et al. (2009) observed in
their go-no-go task that post-trial anterior theta power was negatively correlated with post-

trial posterior alpha power, and especially after error trials.

Given these tight couplings between theta and alpha, what is their respective rolein
cognitive control? One possibility is that theta and alpha simply reflect the anterior and

posterior signatures of control measured on the human scalp, respectively. In this view, theta
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and alpha would always be correlated across time and conditions, yet originate from different
neural areas. An alternative view is that theta and alpha both implement control, but at
different timescales. Thiswould not be visible with standard paradigms where the
involvement of theta and alphais not tracked across time for the same stimuli. Indeed, the
transition from controlled to automatic processing may require many repetitions and consist
of several stages (Ashby et al., 2007), with different oscillations potentially involved at

different stages. Current protocols cannot disentangle these possibilities.

To address this problem, we devised a paradigm that is able to investigate how
cognitive control unfolds over both afast, and a slow timescale. We started from a stimulus-
action learning paradigm by Ruge and Wolfensteller (2010). In their fMRI experiment,
subjects learned four unigue stimulus-action mappings at the start of each experimental block
through instruction. Each stimulus-action mapping was shown eight times within one
experimental block. The authors investigated changes in neural activity as afunction of the
number of times a stimulus was seen within ablock. On the behavioral level, subjects
improved with practice, as indicated by both faster reaction times (RTs) and fewer errors. On
the neural level, the authors found that areas that were presumably involved in automatization
(striatum and the pre- and postcentral gyri) became more active with practice. In contrast,
brain areas that were presumably related to cognitive control (such asthe lateral prefrontal

cortex and the intraparietal sulcus) became less active with increasing practice.

In the current work, we investigate the timescales of cognitive control, and its
transition into automatic processing, and in particular the role of theta and alpha oscillations
in this process. For that purpose we presented one set of four stimulus-action mappings
repeatedly within ablock (fast time scale, asin Ruge and Wolfensteller, (2010)); the same set

of mappings also repeated across blocks (slow time scale). Furthermore, we measured EEG,
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which allowed us to track theta and alpha power changes over the two timescales, and

investigate if theta and alpha show the same pattern across the two timescales, or not.

M ethods

The experimental procedure was approved by the Ghent University Ethical committee
(Faculty of Psychology and Educational Sciences). All 30 participants signed the informed
consent. In return for their participation, a monetary compensation of €25 was provided. All
partici pants reported to be free from neurological conditions and had normal or corrected-to-
normal vision. All participants were Dutch native speakers, and three of them were | eft-
handed. The experiment always started either at 9:00 A.M. or 1:00 P.M. and always lasted
two hours. Data from 24 subjects (18 — 47 years old, 23.1 + 5.6 (mean = SD) years (17
females, 22 right-handed) were analyzed and reported. Criteria for exclusion were 1) data
loss (6.66%), 2) inferior data quality (10%), and 3) technical issues (3.33%). The experiment

was run on a Dell Optiplex 9010 mini-tower running PsychoPy 3 (Peirce, 2007).

Design and Experimental Protocol

The experiment took place in a Faraday cage and consisted of a procedural learning
task. Subjects learned stimulus-action mappings through trial-and-error learning. One set of
stimuli repeated over blocks; responses were given by “f” and “j” key presses. Each
experimental block started with four stimuli that were presented vertically (familiarization
phase; no action mapping information provided; see Figure 1A). Participants were instructed
at the beginning of the experiment that these would be the stimuli that they would encounter

in the following block.
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Figure 1. Visualization of the stimuli seen during the experiment, and atria overview. (A)

An example of the stimulus overview that was provided at the start of each experimental
block. This overview represented the four stimuli that would be shown in the following

block. (B) An overview of an experimental trial. Each trial lasted exactly 6500 msin total.

After stimulus inspection, participants could start the experimental block by pressing
the space bar on their keyboard. Following this, a five-second counter started, and the first
trial of that block would start. A trial started with a fixation cross colored in either blue or
black, balanced across subjects. The participants were informed prior to the start of the
experiment what these colored fixation crosses meant. For half of the subjects, a blue fixation
cross meant that a stimulus was about to appear, while a black fixation cross signified the end
of thetrial. For the other half of subjects, the opposite pattern applied. The duration of the
first fixation cross was temporally jittered, meaning that the presentation time was drawn
from a uniform distribution (1000-2000 milliseconds (ms)). Then, participants saw the
stimulus framed by a black box in the center of the screen. From that moment, the subject had

1500 msto press one of the two response buttons. Only when a button was pressed in time,
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the box would turn grey, indicating that an answer was registered. After 1500 ms, the
stimulus disappeared from the screen, and was replaced by three dots which we will refer to
as the *anticipation phase'. This stimulus timing was again temporally jittered, with a
presentation time between 500 and 750 ms. Following the anticipation phase, the feedback
(right, wrong, or too late) was provided in the form of a simple Dutch text message (“ Correct
answer”, “Wrong answer”, “Too slow”) in the middle of the screen. The feedback
presentation time depended on the presentation time of the anticipation phase: together, these
two phases lasted for 2000 ms. Finally, as mentioned earlier, a colored fixation cross marked
the end of thetrial. How long this fixation cross was shown, depended on the presentation
time of the first fixation cross: together they were shown for 3000 ms. Figure 1B provides a
visual representation of atrial in our experiment. Subjects learned the correct stimulus-action

mappings viatrial-to-trial feedback.

The stimuli in each block were presented in random order. Half of the blocks
contained repeating stimuli (with constant response mapping); the other blocks contained
unique (‘novel’) stimuli. Thefirst two blocks (64 trialsin total) were performed as practice
before the EEG set-up. The actual experiment lasted for 16 blocks of 32 trials each.
Participants could take a break at the end of each block, which was denoted by a message on
the screen. No time limits were imposed on these breaks. When they were ready to continue,
subjects could press abutton, after which they would see the stimuli from the next block.

Participants used a cushioned chinrest during EEG recording.

Data Recor ding and Initial Processing

All EEG data were collected using a 64-channel BioSemi Active Two System
(BioSemi, Amsterdam, Netherlands) at 1024 Hz. The electrodes were placed following the
standard international 10-20 electrode mapping defined by Jasper (1958). The cap contained

aposterior CMS-DRL electrode combination. Six additional external electrodes were placed
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on the left and right mastoid, lateral canthi of both eyes, and above and below the left eye.
The data collected using these electrodes were used as a reference during analysis (the
average of the mastoid electrodes), or for detecting and correcting eye movements and eye
blinks (the other external electrodes). Data preprocessing was done using the MNE Python
software (Gramfort et al., 2014), and custom code. Our pipeline was inspired by the
EEGLAB preprocessing pipeline (Delorme & Makeig, 2004), but some adaptations were
made. First, the data were re-referenced to the average of the mastoid electrodes. Data was
then visually inspected to mark bad channels, which were then interpolated. For 66.66% of
analyzed subjects at least one channel was interpolated, with a maximum of six interpolated
channels across subjects. The mgority of interpolated electrodes were located in the posterior
area of the scalp. The next step was to high-pass filter this data at 0.1 Hz, and to split this
filtered datain epochs locked to stimulus onset. We then performed a visual inspection of
these epochs and excluded the noisy segments from further analysis. This exclusion process
was performed blind towards the experimental conditions. Our next step would be to do ICA
on the data epochs. However, Winkler et al. (2015) demonstrated that the efficiency of ICA
in reducing artifacts greatly depends on the chosen preprocessing procedure. Specifically, the
authors suggest that high-pass filtering the data above 1 or 2 Hz prior to ICA consistently
leads to good results. Thusin order to improve our artifact reduction procedure, our next step
was to go back to the continuous EEG data prior to the data cleaning process. We then
bandpass filtered this data between 1 and 40 Hz, and we again split this filtered data in
epochs locked to stimulus onset. We then removed the epochs that were marked as bad in an
earlier step. Following this we used the extended Infomax independent component analysis
(ICA) agorithm implemented in MNE (Lee et al., 1999) on the bandpass-filtered, epoched
data. The obtained ICA components were then used on the 0.1 Hz high-pass filtered datato

remove eye movement artifacts. The final step in our preprocessing pipeline was to remove
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epochs based on the behavioral data: we removed 1) epochs where the RT deviated more than
three standard deviations from the overall mean RT, and 2) epochs where the participants
were incorrect, even though they saw that stimuli 3 times or more (assuming those
represented attentional slips). The same pipeline was used to preprocess epochs locked to the
response. Overall, the complete data cleaning procedure led to an exclusion ranging from

3.32% t0 29.30% (M = 17.34, SD = 5.21) of the recorded epochs across participants.

Statistical Analysis

Behavioral Analysis

All statistical analyses of the behavioral data were performed using the ‘Ime4’
package (Bates et a., 2007), which is embedded in the R software (Version 3.6.3). Al
associated plots were created using the visualization libraries ‘seaborn’ and ‘Matplotlib’
(Hunter, 2007) in the Python programming language (Version 3.5.6).

When discussing the behavioral results, two dependent variables are considered: RT
and error rates. RT was first log scaled prior to statistical tests to increase normality. For each
statistical test involving RT as the dependent variable, we built a linear mixed effects model.
For errors, ageneralized linear mixed effects model was utilized. All models contained a
random intercept for subject. The independent variables were always mean-centered and
included as fixed effects. Note that in plots, the original, untransformed data is displayed.

In order to elucidate the effects over the fast timescale, we analyzed how the recorded
behavioral and neural metrics evolved within blocks. To this end, we analyzed dynamics as a
function of stimulus number, i.e. the number of times a stimulus was seen by a subject. For
example, when investigating how RT evolved over the fast timescale, we would build alinear
mixed effects model, where the independent variable was stimulus number and the dependent

variable RT. We highlight that we only considered stimulus numbers ranging from one to
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eight. This was doneto allow for the comparison between the novel condition, where a
stimulus was seen maximally eight times, and the repeating condition where a stimulus was
seen for atotal of 64 times.

The slow timescale represents changes between blocks. To capture this, we analyzed
changes in our recorded data as a function of block number. Note that in this case there is no
difference across conditions: both the novel and the repeating condition have eight blocks,

and so at this time scale we can explicitly compare novel and repeating conditions.
EEG Data Analysis

Two types of spectral power are defined in the literature, namely evoked and induced
power. Evoked power refers to the phase-consistent part of the EEG signal (Hajihosseini &
Holroyd, 2013), which can be accessed by computing the event-related potential (ERP)
before spectral analysis. Our analyses focus on the evoked and the total power (i.e., evoked

plus induced).

Before being able to explore how apha and theta power fluctuate across timescales,
additional processing was done. The nature of this data preparation depended on several
factors. First, the timescale (fast or slow) considered in the specific analysis influenced our
dataanalysis. Second, whether we looked at either evoked power or total power impacted our
analysis choices. The third and final factor of our pipeline was the event (stimulus or
response) to which the data was time-locked. We will now delineate how each preprocessing

decision was implemented in our analyses.

To investigate how oscillatory alphaand theta power evolve for each timescale, we
again used stimulus numbers and block numbers as independent variables for the fast and
slow timescales, respectively. Specifically, we started our analysis of oscillatory power by

comparing the power values for the end points on each timescale. For example, for the fast
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timescale we compare the recorded spectral power for stimulus 1 versus 8. For the slow
timescale, the power in experimental block 1 is contrasted with the power in block 8. In line
with the behavioral analyses, we again investigate the effect of condition in the slow
timescale but not in the fast timescale, for the reason stated above. Thus, in order to equate
the relevant power measures, we first split the recorded EEG data for each subject in two
extreme parts for each timescale: data representing earlier timepoints (stimulus 1, or block 1)
and data from late timepoints (stimulus 8, or block 8). Then, we computed the time-frequency
representation (TFR) for each subset of the data on the same timescale using Morlet wavelets.
The power estimates were computed for 15 frequency bands, log spaced between 4 Hz and 30
Hz. The number of cycles used for each frequency was equal to the frequency divided by two
to preserve the balance between temporal and frequency precision (Cohen, 2014). This
procedure ultimately resulted in TFRs for each timepoint for each subject. To compare the
resulting TFRs, acluster-level statistical permutation test was used to account for multiple
comparison (Maris & Oostenveld, 2007). This permutation test was run with 1000
permutations, and a significance threshold of 5% was used.

When looking at evoked power, the aforementioned permutation test was run on the
TFRs of the ERPs of specific subsets. For the fast timescale this meant that we only included
the data representing stimulus 1 and 8 in the permutation test. For each of these subsets the
ERP was computed, which was then followed by initializing the permutation test. Note that a
similar procedure was followed when analyzing the data tracking the slow timescale, but
there the subject-specific data was split in a part containing data of block 1, and a part
containing the data of block 8. With respect to total power, we followed the same procedure,

except for omitting the ERP computation step.

Stimulus-locked epochs were 2500 ms long (-1000 to 1500 ms relative to stimulus

onset). We analyzed the time period ranging from O to 1000 ms after stimulus onset for the
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fast timescale, and the period from 0 to 750 ms after stimulus onset for the slow timescale.
The period from 1000 to 250 ms before stimulus onset served as the baseline. For response-
locked data, we also used a pre-stimulus baseline period, but this one ranged from 1000 to
500 ms before stimulus onset. We shortened our baseline period because our analyzed time
period was shorter: we only consider the data from 235 ms before response onset, to 305 ms
after response. The response-locked time window was defined like this because otherwise
some overlap might occur with the anticipation phase of the next trial (see Figure 1B),

especialy for the trials where subjects exhibited |later responses.

Based on the results of the cluster-level statistical permutation test, time-frequency
plots were created. The time-frequency plots represent the cluster statistics averaged over al
channels. This resulted in atwo-dimensional plot displaying the computed statistics as a
function of time and frequency bands. To assess where power fluctuations originate from on
the scalp, we also created topographical plots by subtracting block 1 (stimulus 1) from block

8 (stimulus 8).

In the time-frequency clustering algorithm, we only contrasted stimulus 1 or block 1
with stimulus 8 or block 8 respectively across both timescales. However, we also conducted
follow-up analyses on the intermediate stimuli 2-7 and blocks 2-7 (thus avoiding “double
dipping”; Kriegeskorte et al., 2009). To this end, we used the ‘Ime4’ package (Bates et al.,
2007), incorporated in the R software (Version 3.6.3). For example, if asignificant difference
in theta power is found around 300 ms after stimulus onset in the stimulus-locked cluster test,
our first step in the follow-up analysis would be to compute the subject-specific theta power
around 300 ms after stimulus onset for stimuli 2to 7. A similar procedure was used for
analyzing effects over blocks 2 to 7. Then, alinear mixed effects model would be built with
subject number as arandom intercept, stimulus number as fixed effect, and theta power as the

dependent variable.
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Figure 2. RT and error rate following the fast and the slow timescale. RT (A) and error
rate (B) as afunction of stimulus number, respectively. Thus, these plots capture
behavioral effects following the fast timescale. RT (C) and error rate (D) as a function of
block number, respectively. In other words, these plots show behavioral changes on the
slow timescale. A distinction is made based on condition, where ‘novel’ indicates that new
stimuli were shown in that block, and ‘repeating’ means that stimuli were shown that
returned throughout the experiment. The vertical lines represent bootstrapped 95%

confidenceintervalsin al plots.
Results

Behavioral Results

Focusing on the fast timescale, stimulus number had a main effect on both RT, F(1,
5561) = 61.48, p < 0.001, and error rate, X*(1, N = 24) = 19.44, p = 0.007. Both RT and error
rate decreased as stimulus number increased. How RT and error rate evolved over the fast
timescale is visualized in Figure 2A and 2B, respectively. Note that accuracy starts off
dlightly below 50% because of a dependency between stimuli: If the participant has already
seen 3 of the 4 stimuli (e.g., two with left and one with right response), the response to the

fourth stimulus can be known with certainty (in the example, right response).
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Next, we considered the same dependent variables on the slow timescale. Both block
number, F(7, 10118) = 25.79, p < 0.001, and condition (novel or repeating), F(1, 10118) =
542.87, p < 0.001, had asignificant impact on RT. Additionally, the interaction effect
between block number and condition also proved significant, F(7, 10118) = 14.50, p < 0.001.
A follow-up pairwise t-test (Benjamini-Hochberg adjusted) showed that in the repeating
condition, block 1 was significantly different from all others (all p <.001). In the novel
condition, none of the blocks differed significantly (all p >.05). On error rate, block number
had a significant impact, X*(1, N = 24) = 34.29, p < 0.001. The main effect of condition on
error rate proved to be non-significant, X3(1, N = 24) = 0.03, p = 0.871. However, the
interaction effect of block number and condition was significant, X*(1, N = 24) = 27.30, p <
0.001. Specifically, using the same follow-up test, we concluded that in the repeating
condition the error ratein block 1 was significantly higher than the error rate in the other
blocks (all p <.001), but remained constant in the novel condition (all p > 0.05). How RT and

error rate evolved following the slow timescale is shown in Figure 2C and 2D, respectively.
EEG Results
Fast timescale

Looking at total power changes on the fast timescale (stimulus 8 minus stimulus 1),
we found a significant cluster in the stimulus-locked data. Specifically, we noted a significant
alpha cluster (p = 0.001) after cluster correction approximately between 700 and 850 ms after
stimulus onset (Figure 3A). This cluster is localized in the posterior part of the scalp (Figure
3B). Follow-up analyses focusing on apha power (stimulus 2 to 7) in this significant cluster
indicated that alpha power (from here on abbreviated as alpha) significantly increased with
stimulus number, F(3.93, 176.69) = 10.89, p < 0.001. How alphaincreased as a function of

stimulus number is shown in Figure 3C.
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Next, we analyzed stimulus-locked evoked power contrasting stimulus 1 vs. 8. We
found asignificant alpha cluster between 700 and 800 ms after stimulus onset (p < 0.001).
Combined with the previous result, this indicates that the stimulus-locked a pha burst can be
seen in both the evoked and the total power, occurring more than 700 ms after the stimulus
onset.

When analyzing the response-locked data, we again started by comparing the total
power measures for stimulus 1 vs. stimulus 8, performing the same cluster-correction
procedure. A significant apha cluster was observed (p = 0.002) around 200 ms after response
onset. No significant results were obtained when analyzing the response-locked, evoked

power.

Slow timescale

For the slow timescale, we started by analyzing the total power fluctuations by
contrasting block 1 with block 8. The permutation test highlighted two marginally significant
theta clusters (4 — 8.5 Hz), one at stimulus onset and one around 400 ms after stimulus onset
(p =0.04) (Figure 4A). The dynamics in this time window originate from the frontal scalp
region (Figure 4B). A follow-up test (blocks 2-7) using alinear mixed effects model showed
that block number is a marginally significant predictor of theta power, F(5, 253) = 6.52, p =
0.04. In contrast, both the main effect of condition, F(1, 253) = 1.08, p = 0.30, and the
interaction effect between condition and block number, F(5, 253) = 0.83, p = 0.53, proved
non-significant (Figure 4D).

We also analyzed the contrast between block 1 and block 8 with a focus on stimulus-
locked evoked power, response-locked total power and response-locked evoked power. None

of these contrasts yielded significant results.

Alpha-theta Dissociation
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In order to investigate whether the fluctuations in alpha and theta power are specific
to the fast- and slow timescales respectively, we additionally tested the interaction between
stimulus (block) number and frequency band on each time scale separately. On the fast
timescale, the interaction between stimulus (1, 8) and frequency band (theta, alpha) indeed
proved significant, F(1, 537) = 342.46, p < 0.001. Smilarly, for the slow timescale the
interaction effect between block (1, 8) and frequency band (theta, alpha) also proved to be
significant, F(1, 541) = 934, p < 0.001.

As afollow-up test we investigated whether alpha significantly changed over the slow
timescale. To investigate this, we considered the time period from 700 to 850 ms after
stimulus onset, since significant a pha effects were found in this window on the fast
timescale. This analysisindicated that alpha did not change as afunction of block number,
F(5, 253) = 1.34, p = 0.25. The main effect of condition also proved not significant, F(1, 253)
= 0.22, p = 0.64. Finaly, the interaction between block number and condition also was not
significant, F(5, 253) = 1.22, p = 0.30. How alpha behaved on the slow timescale is depicted
in Figure 3D. Next, we investigated whether theta frequency effects (4 — 8 Hz) could be
observed on the fast timescale. To this end, we analyzed theta power in the time window
ranging from 0 to 400 ms after stimulus onset. This time window was chosen based on our
analyses for the slow timescale, which are described in the previous section. We found no
significant main effect of stimulus number on theta power, F(1, 257) = 0.83, p = 0.53 (Figure
4C). These interactions confirm that, on the fast time scale, only apha changed; whereas on

the slow time scale, only theta changed across time.
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Figure 3. Alpha power across timescaes. (A) This time-frequency plot depicts the cluster
statistics which were averaged over al channels, resulting in atwo-dimensional plot
displaying the computed statistics as a function of time and frequency bands. We
delineated a cluster of high-value statistics around 800 ms after stimulus onset (timepoint
0). This delineated area was used to conduct our follow-up analyses (see Figure 3C and
Figure 4C). (B) The topography of the delineated areain panel A. This figure depictsthe
topography of the difference of stimulus 8 minus stimulus 1, averaged across time between
700 and 850 ms after stimulus onset. (C) Alpha (8 — 12 Hz) between 700 and 850 ms after
stimulus onset averaged across time and subjects as a function of stimulus number. The
analyzed time-interval was defined based on panel A. (D) Alpha averaged across time and
electrodes between 0 and 400 ms after stimulus onset as a function of block number and
condition. We analyzed this time period based on the results depicted in Figure 4A. Note
that in both panels C and D averages are represented by dots, while bootstrapped 95%

confidence intervals are represented by vertical lines.
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Figure 4. Theta power across timescales. (A) Channel-averaged time-frequency
representation of power. Black curves indicate statistically significant clusters. These clusters
were used to conduct our follow-up analyses (see Figure 3D and Figure 4D). (B) The
topography of the cluster in panel A. This figure depicts the topography of the contrast
between block 8 —block 1 averaged across time in the period between 0 and 400 ms after
stimulus onset. We highlight an anterior positive difference and a posterior negative
difference. (C) Theta (4 — 8 Hz) between 700 and 850 ms after stimulus onset averaged
across time and subjects as a function of stimulus number. We analyzed this time period
based on the results depicted in Figure 3A. (D) Theta averaged across time and electrodes
between 0 and 400 ms after stimulus onset as a function of block number and condition. The
analyzed time-interval was defined based on panel A. Note that in both panels C and D
averages are represented by dots, while bootstrapped 95% confidence intervals are

represented by vertical lines.

Discussion
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Previous research indicates that alpha and theta frequencies play instrumental rolesin
cognitive control, but it remains unclear how they unfold during the implementation of
cognitive contral. In this study, participants performed a procedural learning task in which
stimulus-action associations had to be learned. These associations were block-specific and
could be either novel or repeating. Learning took place on two separate timescales: a fast
(within blocks) timescale, and a slow (between blocks) timescale. Our results indicate that
cognitive control isimplemented across both a fast and a slow timescale. On the fast
timescale we observed that alpha power significantly increases over time (see Figure 3C). In
contrast, on the slow timescal e theta power decreases over time (see Figure 4D); andin a
similar way for novel and repeating stimuli. Theta and aphadid not significantly changein
the fast and slow timescale, respectively. Thus, aphaincreases are specific to the fast

timescale, whereas a decrease in theta power is specific to the slow timescale.

We interpret the results obtained at the fast (within a block) timescale in the ‘gating
by inhibition” framework proposed by Jensen and Mazaheri (2010), according to which alpha
oscillations suppress task-irrelevant brain areas, and thereby indirectly ‘gate’ task-relevant
brain areas. Evidence for this hypothesis comes from studies in memory (Grabner et al.,
2003; Sauseng et al., 2005), face processing (Jokisch & Jensen, 2007), visual detection
(Hansimayr et al., 2005), and cognitive control dynamics (Carp & Compton, 2009; Compton
et a., 2011; Janssens et al., 2018). For example, Carp and Compton (2009) and Compton et
al. (2011) observed asignificantly lower alphapower in the inter-trial interval of a Stroop
task in error relative to correct trials. Smilar results were obtained when contrasting high-
conflict with low-conflict trials. From the ‘gating by inhibition’-framework, alpha may reflect
inhibition of incorrect stimulus-action mappings. In our task, higher alphawould reflect
stronger inhibition of inappropriate stimulus-action mappings, which in turn leads to better

task performance.


https://doi.org/10.1101/2020.08.21.259341
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2020.08.21.259341; this version posted August 21, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-ND 4.0 International license.

21
THETA AND ALPHA ACROSS FAST AND SLOW TIMESCALES

We explain our slow (i.e., across blocks) time scale results in the theta band as
reflecting the role of FM theta in the exertion of cognitive control. In their review paper,
Cavanagh and Frank (2014) observed that cognitive control tasks typically showed a neural
signature in the theta band approximately 250 to 500 ms after stimulus onset. We
hypothesized that this theta band activation originates from the mid-frontal part of the scalp.
In these results, FM thetaiis interpreted as asignal that marks the need for cognitive control.
Other studies focused on the role that FM theta might play in the coordination of cognitive
control. For instance, it is thought that (FM) theta synchronizes posterior processing areas
depending on the task at hand (Fries, 2015). Several authors (Fries, 2015; Verbeke &
Verguts, 2019; Voloh et al., 2015; Womelsdorf et al., 2006) suggested that communication
between neural areasis achieved using gammar-band synchronization, and the role of thetais
to reset gamma such that the appropriate task-relevant areas may subsequently phase-lock in
the gamma band. Theta-band phase synchrony can be observed between central areas and
more distant brain areas. For example, after errors, enhanced synchrony is observed between
the MFC and the occipital cortex (Cohen, 2009); and after incongruent stimuli during a
Stroop task (Hansimayr et al., 2008), synchrony is increased between FM and frontolateral
regions. Consistently, we observed decreased theta power when comparing block 8 with
block 1, in both the novel and the repeating condition. Since theta decreases equally in both
novel and repeating conditions over a slow timescale, our results suggest that thetais
implicated in a general learning process, such as learning to map stimuli on available actions.
We hypothesi ze that the decrease in theta reflects that this learning process enfolds more
efficiently when a subject is more experienced with the task, irrespective of the stimuli or
actions that are currently being mapped. In short, theta reflects a general (i.e., not stimulus- or
action-specific) learning process that takes place on a slow timescale, and becomes optimized

with more training.
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In principle, the increase in alpha might reflect an increasingly fast response process
as the block develops. However, thisinterpretation is unlikely. Specifically, RT decreases as
afunction of stimulus number from approximately 700 ms (stimulus 1) to approximately 500
ms (stimulus 8; see Figure 2A). However, the apha effects are localized in alater time
window situated around 800 ms (see Figure 3A), suggesting that these alpha effects occur
well after response onset. Similarly, it could be hypothesized that the theta effects are
response-related. However, thisis also unlikely because the theta effects occur well before
the mean RT.

Alternatively, one might argue that our results reflect cognitive fatigue resulting from
prolonged testing on asimple task. A study by Wang et al. (2016) suggests that this
interpretation isimprobable. In this EEG study, participants were asked to perform a Stroop
task for a duration of 160 minutes with the goal to elicit cognitive exhaustion. Wang et al.
(2016) report an anterior ERP that seems to be related to compensatory mechanisms used to
counteract the effects of cognitive fatigue. Specifically, the authors note an inverted U-shaped
relationship between the time on task and the amplitude of this frontal ERP. The signal peaks
when the subject attempts to compensate cognitive fatigue, and decreases both during
baseline, and when the subject is too tired to engage in compensation. Crucially, the latter
was observed in the time window ranging from 120 minutes to 160 minutes after the start of
the experiment. Thus, it seems unlikely that our results can be explained by cognitive fatigue,
since the neural markers of fatigue occur after a time-on-task greatly exceeding our time-on-

task of 60 minutes.

Our results can also be linked to the literature on automatization and extensive
training. For instance, in the fMRI study by Ruge and Wolfensteller (2010) on instruction-
based |earning, the authors noted that brain activation in the central gyri and the striatum

increased on a fast timescale, suggesting that these areas are relevant for automatization. On
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the other hand, activation in the lateral PFC and the intraparietal sulcus (IPS) decreases with
more experience with astimulus. Given the posterior location of IPS, the fact that increased
alpha correlates with decreased BOLD (Ritter et al., 2009), and our hypothesized inhibitory
role of alpha, aswell as our finding that alpha increases with stimulus experience, we
hypothesize that the measured increase in posterior alpha may signify the active inhibition of
the IPS. Since the spatial resolution of EEG istoo low to verify this theory, afuture study
might investigate this further using a method that has both high spatial and high temporal
resolution (such asintracranial EEG). We furthermore show that theta power changes on a
slower timescale, suggesting that automatization might occur on distinct timescales signified
by distinct neural markers.

Work on instruction implementation (Hartstra et al., 2011; Ruge & Wolfensteller,
2010) shows that frontoparietal activation is relatively quickly replaced by striatal activation
after training on a stimulus-action mapping. However, the automatization literature (e.g., the
‘Subcortical Pathways Enable Expertise Development’ (SPEED; Ashby et al., 2007) model)
suggests that there is yet another automatization stage after striatal involvement. In particular,
the SPEED model postulates the existence of at |east two distinct neural pathways, both
running from the sensory association cortex to the premotor cortex. A subcortical pathway
that learns fast, runs viathe basal ganglia, making it eligible for dopamine-driven learning.
The other, purely cortical and slower-learning pathway learns via Hebbian learning, receiving
training signals from the subcortical pathway, so that with more experience the slow learning
pathway takes over. We argue that our data document the transfer from a frontoparietal based
representation to one based on basal ganglia. According to the SPEED model, there should
thus be yet athird stage, where basal ganglia are no longer involved. To test the spectral
signatures of the latter stage, future research will have to extend our paradigm to one where

participants are trained over consecutive days. This would provide extrainformation on apha
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and theta dynamics, such as at which point in time the power measures stabilize, and whether
learning and automatization enfold on other timescales than the ones reported in the current

study.

To sum up, we found that theta and al pha frequency both play arole during stimulus-
action learning, but their impact differs across timescales. Alpha band dynamics are specific
to the fast timescale, whereas theta changes are observed in the slow timescale, and similar
for novel and repeated stimuli. Our data suggest that automatization is not a unitary process
but consists of at |east two dissociable steps. Which neural structures are involved, how these
neural processes evolve with more training, and the nature of their computational role, remain

to be investigated in future research.
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