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Abstract

Whilst previous research has linked attenuation of the mu rhythm to the observation
of specific visual categories, and even to a potential role in action observation via a putative
mirror neuron system, much of this work has not considered what specific type of
information might be coded in this oscillatory response when triggered via vision. Here, we
sought to determine whether the mu rhythm contains content-specific information about the
identity of familiar (and also unfamiliar) graspable objects. In the present study, right-handed
participants (N=27) viewed images of both familiar (apple, wine glass) and unfamiliar (cubie,
smoothie) graspable objects, whilst performing an orthogonal task at fixation. Multivariate
pattern analysis (MVPA) revealed significant decoding of familiar, but not unfamiliar, visual
object categories in the mu rhythm response. Thus, simply viewing familiar graspable objects
may automatically trigger activation of associated tactile and/or motor properties in
sensorimotor areas, reflected in the mu rhythm. In addition, we report significant attenuation
in the central beta band for both familiar and unfamiliar visual objects, but not in the mu
rhythm. Our findings highlight how analysing two different aspects of the oscillatory
response — either attenuation or the representation of information content — provide
complementary views on the role of the mu rhythm in response to viewing graspable object
categories.

Highlights

e The Mu Rhythm oscillation contains fine-grained information about the identity
of familiar, graspable objects

e This study offers evidence of a possible oscillatory marker for cross-sensory
effects involving sensorimotor and visual cortices

« Different analysis techniques (univariate vs multivariate) imply different
conclusions about the role of specific oscillations in the perception of
graspable objects

e The alpha rhythm at occipital sites shows greater attenuation for unfamiliar
objects but better representation for familiar objects consistent with

sharpening accounts of Predictive Processing



Introduction

The mu rhythm is a neural oscillation measured over sensorimotor areas that
desynchronizes when participants are engaged in executing an action, observing an action, or
even when one merely has the intention to act (Fox et al., 2016; Muthukumaraswamy and
Johnson, 2004; Pfurtscheller et al., 1997; Pineda, 2005). As such, the mu rhythm has often
been considered to be an index of mirror neuron activity (Fox et al., 2016;
Muthukumaraswamy et al., 2004). However, recently this has become a problematic
interpretation (Coll et al., 2017; Hobson and Bishop, 2016). Importantly, the mu rhythm
shows greater desynchronization when participants view pictures of tools vs non-tools
(Proverbio, 2012) and when participants view real 3D objects vs pictures (Marini et al.,
2019). In both these cases greater action affordances (Gibson, 1979; Warman 2021) may be
argued to drive the larger mu response to viewing objects. Despite this, it is unclear from
these studies what information content is represented in the mu rhythm (i.e. how specific the
response is to different visual categories) and whether the response depends upon familiarity
with the objects presented. At present it is possible that the larger mu responses for one
category vs another (e.g. tools vs non-tools) merely reflect high level effects of attention or
arousal to different categories of stimuli. If the mu rhythm carries content specific
information relevant to particular objects (and associated actions or tactile properties), i.e.
which would be useful for future interaction with such objects, then one should be able to
discriminate between such objects based on its response (see Coll et al., 2017). In the present
experiment, we explicitly test the information contained in the mu rhythm while different
graspable object categories are presented to participants. Moreover, in the above cited studies
the stimuli in both object categories were familiar to the participants. Thus, it is unclear
whether familiarity is required to elicit an effect on the mu rhythm when triggered via vision
or whether one might find similar effects even for unfamiliar but graspable objects.

While the mu rhythm is most often associated with action (either executed or
observed) in fact there are several reports that it may instead be more related to tactile
stimulation than action per se (Cheyne et al., 2003; Coll et al., 2017; Ritter et al., 2009). For
example, research by Cheyne et al. (2003) used MEG to find tactile stimulation during a
finger brushing task produced suppression of the mu rhythm. In our recent work using fMRI,
we have shown that viewing familiar but not unfamiliar graspable objects leads to content-
specific information being present in primary somatosensory areas (Smith and Goodale,

2015; see also Bailey et al., 2023), the first cortical areas dedicated to processing our sense of



touch. At present however, it remains unclear whether the mu response (either its
desynchronization or the information content) is sensitive to familiarity with the presented
objects. To the extent that the mu response is generated within Sl (as opposed to M1) we
would expect to able to detect a similar effect as we have found in fMRI.

It is also worth noting other oscillations of interest in the present study, such as the
central beta and occipital alpha oscillations. First, the functional roles of the mu rhythm in
comparison to the central beta oscillation are not well understood (Cheyne, 2013). Both
oscillations have been suggested to originate from deep layers of cortex (Bastos et al., 2015;
Michalareas et al., 2016), thus both rhythms may actually reflect aspects of cortical feedback
processing rather than bottom-up signalling. However, one interesting difference between the
mu rhythm and the central beta oscillation was found in work by Cheyne (2013), who
suggested the mu rhythm reflects activity in SI, while the central beta rhythm reflects activity
in primary motor cortex (MI). As such, we may only expect to find discriminable information
within the mu rhythm, since this is the oscillation which has been suggested to best reflect
underlying activity in SI —especially since Smith and Goodale (2015) did not find
discriminable patterns of information in M1 when participants viewed the same familiar
visual objects. Second, the occipital alpha oscillation is known to reflect neuronal top-down
influences on perception (Sherman et al., 2016; Xie et al 2020; Chen et al 2023), therefore
investigating differences in this frequency band in relation to prior experience with graspable
objects is also of interest. In the predictive coding framework (Clark 2013) alpha oscillations
are thought to convey predictions sent back to earlier sensory areas (Bastos et al 2012) and as
such we may expect information contained within this band over occipital sites to be
especially sensitive to effects of prior knowledge — i.e. familiarity.

In the present study, we used multivariate pattern analysis (MVPA) to determine
whether the mu rhythm contains content-specific information about the identity of viewed
familiar and unfamiliar graspable objects. We investigated familiarity with objects to
determine whether experience with the haptic interactions of the object is necessary to
observe such effects in the mu rhythm. Since links have already been found between vision
and SI when using fMRI (Meyer and Damasio, 2009; Smith and Goodale, 2015), and given
that recently the mu rhythm has been proposed to reflect tactile aspects of object interaction
or tactile stimulation (e.g. Cheyne, 2013; Coll et al., 2017), we expect to find a similar effect
can be detected in the mu rhythm using EEG. We also investigated whether such effects
could be detected in the beta (15-25 Hz) frequency band (as in Coll et al., 2017). The main
analysis technique employed was MVPA, since it indicates the information content from the



task (Mur et al., 2009), as opposed to univariate analysis which can only investigate overall
involvement in a task based on changes in synchronisation in a given region. We expected to
find discriminable patterns of information related to the different familiar, but not unfamiliar,

visual object categories in the mu rhythm oscillatory response.

Methods

Participants.

Participants (N = 27; 13 male) were right handed (Oldfield, 1971), with an age range
of 18-34 years (M = 21.19, SD = 3.35). All participants reported normal or corrected-to-
normal vision and no history of neurological disorders. Written consent was obtained in
accordance with approval from the Research Ethics Committee of the School of Psychology
at the University of East Anglia and in accord. Participants were recruited through an online
system and awarded partial course credit, or through a paid participant panel, receiving either

8 course credits or £16 respectively for their participation.

Stimuli and design.

Two different conditions of full colour visual object stimuli were used in a block
design: familiar or unfamiliar graspable objects. Familiar objects consisted of apples and
wine glasses (Smith & Goodale, 2015; see Figures 1A and 1B), and unfamiliar objects
consisted of cubies and smoothies (Op de Beeck, Torfs, & Wagemans, 2008; see Figures 1C
and 1D). There were three exemplars of each visual object, resulting in 12 individual stimuli
total. Familiar objects were chosen based on the assumption that participants would have a
rich haptic experience with such objects (as in Smith and Goodale, 2015). All images were
400 x 400 pixels, displayed against a white background in the centre of a 24” monitor screen
(resolution 1920 x 1080 pixels) using E-Prime 2.0. A black and white fixation cross with a
black border (28 x 28 pixels), and a red and green fixation cross with a black border (28 x 28
pixels), was also used. A viewing distance of 45cm was maintained for a visual angle height
of 14° for the stimuli, as in Smith and Goodale (2015).
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Figure 1: Familiar visual object categories; (A) three exemplars of an apple, (B)
three exemplars of a wine glass. Unfamiliar visual object categories; (C) three
exemplars of a cubie, (D) three exemplars of a smoothie. Familiar objects taken
from Smith and Goodale (2015), and Unfamiliar objects modified from Op de
Beeck, Torfs, and Wagemans (2008).

Apparatus and materials.

A 64-channel slim active electrode system (Brain Products GmbH: BrainVision
actiCAP) with a BrainAmp MR64 PLUS amplifier was used for the EEG data acquisition
(see EEG data acquisition below for more information). The Karolinska Sleepiness Scale
(KSS; Akerstedt, Anund, Axelsson, & Kecklund, 2014; Akerstedt & Gillberg, 1990) was
used to measure participant’s sleepiness during the five minutes prior to the end of the
experiment. This scale is rated on a Likert scale from 1-9 with the following options: 1)
extremely alert, 2) very alert, 3) alert, 4) rather alert, 5) neither alert nor sleepy, 6) some signs

of sleepiness, 7) sleepy, but no effort to keep awake, 8) sleepy, some effort to keep awake,



and 9) very sleepy, great effort to keep awake, fighting sleep. We included this scale to test
whether participants attention and/or drowsiness correlated with overall levels of occipital
alpha activity (Niedermeyer and da Silva, 2005).

Procedure.

Upon arrival, participants signed informed consent and the EEG cap was mounted.
Once the cap was installed, participants received both verbal and written instructions for the
task and were trained via practice trials. Before beginning the experiment, each participant
was shown their eye blinks and muscle artifacts (e.g. teeth grinding) on the EEG monitor to
emphasize the importance of remaining still during EEG recording, and was asked to blink
between trials where possible. During the experiment, participants sat in a dimly lit room. A
black and white fixation cross with a black border remained in the centre of the screen
throughout the entirety of a block, and each block began and ended with 2000ms of fixation
against a white background. After the initial 2000ms fixation, 12 individual stimuli were
displayed in a randomly allocated order, meaning each unique stimulus was presented once
per block. Each stimulus trial began with 1000ms of fixation, followed by a stimulus
presentation of 1000ms whereby the fixation remained on the screen. Each stimulus offset
was followed a variable delay of fixation for 1500-1900ms. There were 50 blocks in total,
however 10 of which were catch blocks. In a catch block, a red and green fixation cross with
a black border (28 x 28 pixels) was displayed over one of the stimuli at random.

Participants were instructed to remain fixated on the central fixation cross in order to
detect whether there was a colour change in the fixation cross during a block. Participants
were asked to pay attention to the stimuli which would appear behind the fixation cross, but
to remain fixated at all times. At the end of an experimental block, a question screen appeared
which asked participants whether they had detected a red and green fixation cross.
Participants were instructed to press one of two buttons on a four-button response device with
their right hand in order to answer yes or no, thus eliminating the need for a motor response
during experimental trials (see also Smith & Goodale, 2015 for a similar approach).
Participants would receive a break screen after their response, enabling them to take a break
before the next block if they wished to do so. Every 10 blocks, participants received a longer
break in which the screen offset was controlled by the experimenter. During this break, the
participant was checked on by the experimenter and offered water to aid alertness during the

experiment. In total, each participant was exposed to 40 repetitions of each unique stimulus,



resulting in 240 familiar visual objects, and 240 unfamiliar visual objects after removing the
catch blocks. The main experiment lasted approximately 40-50 minutes.

At the end of the main experiment, participants were asked to complete the KSS (see
Apparatus and materials above) to indicate their sleepiness on a scale from 1 (extremely alert)
to 9 (very sleepy, great effort to keep awake, fighting sleep) during the five minutes before
completing the rating. This was included since attention and/or drowsiness has previously
been found to correlate with overall levels of occipital alpha activity (Niedermeyer and da
Silva, 2005). Then, since a key feature of mu suppression is its occurrence both when an
individual observes or executes an action (Pfurtscheller et al., 1996), participants were asked
to complete a voluntary motor response task in order to map the mu rhythm in relation to a
physical motor response. In this experiment, a central black and white fixation cross with a
black border remained in the centre of the screen with a white background throughout the
entire block. Participants were instructed to fixate on the black and white central fixation
cross and press one button from a four-button response device with their right index finger
approximately every six seconds. The fixation cross was included to ensure task engagement
when making button responses. Each participant was encouraged not to count in their head to
avoid alpha contamination (Hobson and Bishop, 2016). Participants completed 40 trials of the
button pressing, separated in to four blocks of 10 trials which lasted approximately 5-10
minutes total. On completion of the voluntary motor response task, the EEG cap was
dismounted and hair washing facilities were offered to all participants. Participants were
debriefed before leaving the room. The entire session lasted no more than two hours per

participant.

EEG data acquisition.

The electroencephalogram (EEG) was recorded with a 64-channel slim active
electrode system (Brain Products GmbH: BrainVision actiCAP) embedded in a nylon cap
(international 10/20 localisation system), with a BrainAmp MR64 PLUS amplifier. One
electrode (FT9) was removed from the cap and placed diagonally below and away from the
outer canthus of the left eye in order to monitor vertical eye movements (lower EOG). The
reference electrode was placed on the tip of the participant’s nose (as in Pfurtscheller,
Neuper, Andrew, & Edlinger, 1997), and electrode FT10 was moved to the location of FCz,
in order to record from the position where the reference electrode is usually embedded in this

cap. The ground electrode was located in the position of FPz. The continuous EEG signal was



acquired at a high sampling rate of 1000 Hz. Impedance was kept equal to or less than 50k
before recording started.

EEG data pre-processing.

All EEG data pre-processing was performed using the open toolbox EEGLAB
(Delorme and Makeig, 2004), used within MATLAB (The MathWorks, USA, 2017b). Raw
data from both the main experiment and voluntary motor response task were pre-processed
according to the following steps. First, imported data were and high- and low-pass filtered
between 0.1 Hz and 50 Hz to remove low-frequency drifts and high-frequency noise
respectively. All practice trials, catch blocks, and break periods were then manually removed
from the continuous data. A 50 Hz notch filter was also applied to reduce electrical noise. A
vertical EOG (VEOG) was reconstructed offline by subtracting the lower EOG from FP1
activity. A horizontal EOG (HEOG) was also constructed by subtracting F7 from F8 activity
(Renoult et al., 2015). Independent component analysis (ICA) was then ran on the data using
runica with default parameters to detect and remove eye blink artifacts. These were clearly
identified when inspecting components and scalp maps from the VEOG that was
reconstructed in each participant. The average number of ocular components removed across
participants was 1.37 (SD = .49). Finally, data was cleaned using the artifact subspace
reconstruction (ASR) plugin developed by Kothe and Jung (2016; Patent No. 14/895,440).
See also Chang, Hsu, Pion-Tonachini, and Jung (2018) and Mullen et al. (2013). The ASR
interpolated artifact bursts with a variance of more than 5 standard deviations different from
the automatically detected clean data (see Gabard-Durnam, Mendez Leal, Wilkinson, &
Levin, 2018; Grummett et al., 2014). Data segments post-ASR were then rejected with a
time-window rejection criterion of 0.25, meaning the segment was rejected if more than 0.25
of channels were marked as bad. Any channels marked as bad in this process were
interpolated, and any remaining noisy electrodes were interpolated based on computing
kurtosis with a threshold of 5 using spherical method (Bigdely-Shamlo et al., 2015). This
resulted in an average of 2.59 electrodes interpolated (SD = 1.72, range 0-5). The cleaned
data was then epoched from -1000ms to 1500ms, time-locked to stimulus onset (or time-
locked to the button press if the voluntary motor response task), with a baseline correction of
-1000ms. Finally, step-like artifact detection was carried out on all electrodes on the epoched

data (with the exception of the lower EOG electrode) using a threshold of 100uV and moving



window of 200ms in 50ms steps (see Luck, 2005). An average of 0.39% (SD = .01, range 0 —

5.21%) of trials were rejected during the entire cleaning process.

Regions of interest.

Two regions of interest (ROI)’s were created for both the univariate and multivariate
pattern analysis (MVPA). In line with Coll et al. (2017), ten central electrodes were selected
for the central ROI (C1-2-3-4-z, CP1-2-3-4-z). Furthermore, eight occipital electrodes were
selected for the occipital ROl (PO3-4-7-8-z, O1-2-z). The central ROI was created to
compare the effects of mu rhythm suppression and content specificity to the different visual
object categories in each condition (familiar, or unfamiliar visual objects). The occipital ROI
was created as a control region to rule out potential confounds by changes in attentional
engagement from occipital alpha activity (see Hobson & Bishop, 2016).

Data analysis.

Behavioural analysis.

Behavioural data for the main experiment was analysed based on correct detection of
a red and green fixation cross, or correct rejection of no colour change during a block. Any
failures to detect a colour change, or detection of an absent red and green fixation cross was

classified as an incorrect response. An average accuracy was calculated for each participant.

Univariate cluster-based analysis.

Univariate time-frequency analysis was conducted at the channel level by computing
the power of event-related desynchronization/synchronization (ERD/ERS) using event-
related spectral perturbations (ERSP)’s. The ERSP is a known measure of average dynamic
changes in amplitude of the specified broad band EEG frequency spectrum, as a function of
time relative to an experimental event (Cuellar and Toro, 2017; Makeig, 1993; Pfurtscheller
and Lopes, 1999). To obtain the time-frequency data, a short-time Fourier transform was
computed across the averaged baseline-corrected trials by extracting 200 time points in steps
of 10ms, using a Hanning-tapered sliding time window with a fixed length of 500ms,
covering the entire epoch from -1000ms to 1500ms. Here, a divisive baseline was used



relative to the -1000ms to Oms time period (Ciuparu and Muresan, 2016; Marini et al., 2019).
Power was calculated from 1-30 Hz in steps of exactly 1 Hz. Such analyses were conducted
in both central and occipital ROIs and applied to both conditions of familiar and unfamiliar
visual object categories, in addition to the voluntary motor response task. Mean changes in
spectral power are expressed in decibels (dB).

To avoid circular inference (see Kriegeskorte, Lindquist, Nichols, Poldrack, & Vul,
2010; Kriegeskorte, Simmons, Bellgowan, & Baker, 2009), oscillation clusters were then
identified by selecting all pixels across the time-frequency plots during stimulus duration (0-
30 Hz, 100 time points corresponding to 0-1000ms) in both the central and occipital ROIs
which were statistically significant based on the average ERSP data of all conditions (Cohen,
2014), at a significance level of 0.01. Once the precise boundaries of the significant clusters
had been defined, the cluster masks were applied separately to each condition (familiar and
unfamiliar visual objects) and ROI (central and occipital). The data from each mask and each
participant was then extracted and averaged. The average ERSP data was also extracted from
the voluntary motor response task by identifying significant clusters based on the ERSP data
from the button press.

Overall, a single averaged ERSP value — per participant - was extracted in each ROI
and condition from the mask created from each significant cluster. Paired-sample parametric
t-tests were then conducted to compare differences between ERSP data for familiar and
unfamiliar visual objects. A single ERSP value was also extracted from each cluster and ROI
from the voluntary motor response task for each participant. Effect sizes for all t-tests are
calculated as Cohen’s d =t/ \ N (Lakens, 2013).

Univariate time-frequency window analysis.

The univariate ERSP data from the main experiment (see Univariate cluster-based
analysis above for information on how this data was extracted) was also analysed for
significant desynchronization within strictly selected alpha and beta frequency bands for each
ROI (central and occipital) averaged over stimulus duration (0-1000ms time-locked to
stimulus onset). The frequencies selected were between 8-13 Hz for alpha, and 15-25 Hz for
beta (Coll et al., 2017). This additional analysis was done in order to match the univariate
desynchronization data exactly to the frequency bands selected for the MVPA (see
Multivariate pattern analysis below for comparison to MVVPA). To test whether the ERSP

data showed significant synchronization/desynchronization, we performed one-sample



parametric t-tests against zero (baseline). All paired t-tests are reported as two-tailed at the p
< .05 level with Bonferroni corrections applied. Effect sizes for all t-tests are calculated as
Cohen’sd =t/ N.

Correlation analysis.

In order to examine whether participants subjective ratings of sleepiness correlated
with occipital alpha activity (Niedermeyer and da Silva, 2005), a correlation analysis was ran
using participants scores from the KSS (see Apparatus and materials above) against all
conditions and ROIs. Note we ran the correlation analysis using both Pearson and Spearman
correlations to account for the fact that Pearson’s correlation coefficient is extremely

susceptible to outliers (see Pernet et al. 2012).

Multivariate pattern analysis.

The MVPA was trained on single-trial ERSP data using a linear support vector
machine (LIBSVM 3.20 toolbox; C. Chang & Lin, 2011) and tested against the average
pattern from each visual object category (see Smith & Smith, 2019, Mares et al 2020). We
used the EEGIlab function timefreq.m to compute the single trial ERSP data (1:30 Hz) and
then later selected the correct subset for each oscillation of interest (Alpha/Mu or Beta). The
pattern classifiers were trained to discriminate between object identity within our two
conditions: familiar or unfamiliar visual object categories. For example, in the familiar object
condition, the classifier was trained to discriminate between the apple and wine glass trials. A
k-fold cross validation approach was used to estimate this performance, whereby the model
was built from k — 1 subsamples (70% of trials) and tested on the average of the remaining
independent k subsample (30% of trials). Therefore, the classifier was trained with 168 single
trials (84 trials for each visual object category; e.g. apples and wine glasses), and tested on
decoding performance against the average of 72 trials (36 for each visual object category) in
each condition. This was carried out in both the alpha (8-13 Hz) and beta (15-25 Hz)
frequency bands (see Coll et al., 2017; Cuellar & Toro, 2017), in both the central and
occipital ROI’s, to test whether discriminable patterns of information could be detected for
different familiar or unfamiliar visual objects in each ROI and frequency band. This analysis

was performed on 20 randomly partitioned training test set iterations using the entire 21000ms



stimulus duration time window. Overall, one decoding accuracy was obtained for each
condition, separated by ROI and frequency band for each participant.

To test whether group level decoding accuracy was significantly above chance, we
performed one-sample parametric t-tests on all MVVPA analyses, against the chance level of
1/2 (50% - Smith & Smith, 2019). Significance values are reported as one-tailed due to prior
expectations of the direction of the results. To control for multiple comparisons, all decoding
accuracies are corrected using false discovery rate (FDR). The adjusted g-value at <.05
resulted in a significance value of FDR p <.016 for all results (Benjamini and Yekutieli,
2001). Effect sizes for all t-tests are calculated as Cohen’s d = t / Y N. All effect sizes are to
be identified as small (> .2), medium (> .5), and large (> .8) according to Cohen’s (1988)
classification of effect sizes.

Results
Behavioural accuracy.

The mean accuracy of catch trial detection was 99.56% (SD = 1.01%, range = 96% -
100%), thus indicating that participants were very good at detecting the absence or presence
of a red and green fixation cross during a block. Participants sleepiness ratings covered the
full scale, with an average of 5.74 (SD = 2.03, range 1 - 9). Average response times for the

voluntary motor response task were 6838ms (SD = 933ms, range 5497 — 7244ms).
Univariate results: Cluster-based analysis.

For the univariate analysis, significant clusters were first identified via a data-driven
approach, to investigate where there were significant differences in power across the 1-30 Hz
frequencies. The purpose of this analysis was to determine whether a mu rhythm
desynchronization could be detected from merely viewing the familiar graspable objects. We
also tested whether a mu rhythm desynchronization could be detected in the voluntary motor

response task.



Main experiment central ROI.

When examining the significant clusters of both conditions averaged together in the
central ROI, we observed significant synchronization over the delta/theta band covering
stimulus duration and peaking around 100-400ms post stimulus onset, and significant
desynchronization covering the beta band, also spanning stimulus duration and peaking over
200-600ms (see Figure 2A). Data from these clusters were then extracted separately for each
condition (familiar or unfamiliar object categories; see Figure 2A). Note that the actual
significant pixels for familiar and unfamiliar visual objects are displayed in Supplementary
Figure 1, however to keep the number of pixels matched across both conditions and avoid
circular inference, the masks based on the average of both conditions were used to extract the
data (Figure 2A). The synchronization over the delta/theta band was found to be strongly
significant for both familiar (M = .454, t2s = 7.918, p < .001, d = 1.524) and unfamiliar (M =
463, t2s = 6.174, p <.001, d = 1.188) visual object categories. Further pairwise comparisons
revealed these were not significantly different from one another (t26 = .157, p = .876). The
desynchronization from the beta band was also strongly significant for both familiar (M = -
272, t26 =-5.333, p < .001, d = -1.026) and unfamiliar (M =-.309, t2s = -6.252, p <.001, d =
-1.203) visual object categories. Once again, further pairwise comparisons revealed these
were not significantly different from one another (t2s = -1.207, p = .238). A bar chart
displaying the averaged ERSP values can be seen in Figure 2B. Taken together, the results
from the central ROI show that observation of graspable objects, regardless of familiarity
with the object, causes desynchronization in the beta frequency band. In contrast to our
expectations, there were no such significant effects detected within the mu rhythm in these

analyses (See Supplementary Information for additional analysis).
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central and occipital ROIs. The raw ERSP data taken from this mask is visually
shown for both conditions of familiar and unfamiliar visual objects. (B) Average
ERSP values in each significant cluster for both central and occipital ROIs.
Significant differences between conditions are shown.



Main experiment occipital ROI.

When we examined the significant clusters of both conditions averaged together in the
occipital ROI, we observed significant synchronization over the delta/theta band from 0-
600ms and peaking between 0-400ms post stimulus onset, and significant desynchronization
covering the alpha/beta band, spanning stimulus duration and peaking between 200-600ms
(see Figure 2A). Data from these clusters were then extracted separately for each condition
(familiar or unfamiliar object categories; see Figure 2A). Note that the actual significant
pixels for familiar and unfamiliar visual objects are displayed in Supplementary Figure 1,
however to keep the number of pixels matched across both conditions and avoid circular
inference, the masks based on the average of both conditions were used to extract the data
(Figure 2A). The significant synchronization covering the delta/ theta combined frequency
bands was significant for both familiar (M =.807, t2s = 7.230, p <.001, d =.1.391) and
unfamiliar (M = 1.090, t26 = 8.547, p < .001, d = 1.645) visual object categories. Here, mean
synchronization for familiar and unfamiliar visual object categories were significantly
different from one another (t2s = 3.298, p = .003, d = .635). The significant desynchronization
covering the alpha and beta combined frequency bands was significant for familiar (M = -
A74, 126 = -4.985, p < .001, d = -.959) and unfamiliar (M = -.543, t26 = -6.057, p <.001,d = -
1.166) visual object categories. Further pairwise comparisons revealed the mean
desynchronization for familiar and unfamiliar visual object categories were different from
one another (tzs = -2.177, p =.039, d = -.419), however, this result did not survive Bonferroni
correction at a corrected p value of .013. A bar chart displaying the exact averaged ERSP
values can be seen in Figure 2B. The results in the occipital ROI suggest a strong
desynchronization can be found over both the alpha and beta frequency bands in response to
viewing both the familiar and the unfamiliar visual object categories, in which the
suppression appears to be slightly stronger for viewing unfamiliar visual objects compared to

familiar.

Voluntary motor response task central ROL.

Three significant clusters were identified in the central ROI for the voluntary motor
response task, as seen in Figure 3A. A significant desynchronization was found over the
alpha band central electrodes (the mu rhythm), beginning at the onset of button press and
lasting approximately 1000ms, with the peak around 400-800ms (M = -.712, t2s =-5.297, p <



.001, d =-1.019). Another significant desynchronization was found over the beta frequency
band, spanning around -100ms to 200ms time-locked to the button press, with the peak
around 0-200ms (M = -.457, t2s = -6.419, p <.001, d = -1.235). Finally, significant
synchronization was found over the beta frequency band, spanning around 500-1000ms post-
button press, peaking around 700-1000ms (M = .590, t2s = 4.517, p < .001, d = .869). These
results show a strong mu rhythm desynchronization can be observed when participants
completed a simple button-press experiment, demonstrating the mu rhythm can easily be

detected when participants execute a physical motor response.
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Figure 3: Univariate results from the cluster analysis. The significant pixels
corresponding to the ERSP data from the voluntary motor response task are outlined
in both central and occipital ROIs.

Voluntary motor response task occipital ROI.

Two significant clusters were revealed in the occipital ROI for the voluntary motor
response task (see Figure 3B). Significant desynchronization was found in the alpha
frequency band from around -200ms to 1000ms time-locked to button press, and peaking
around 200-600ms (M = -.653, t2s = -4.502, p <.001, d = -.866). Significant synchronization
was also found in the beta frequency band, lasting from around 300-1000ms post-button
press, and peaking around 600-800ms (M =.572, t26 = 4.469, p <.001, d = .860). These



results show that the alpha band also attenuates in the occipital ROl in response to execution

of a button press.

Univariate results: Alpha- and beta-band analysis.

The univariate data was also analysed within strictly selected alpha and beta
frequency bands for each ROI (central and occipital) averaged over stimulus duration (0-
1000ms time-locked to stimulus onset), in order to match the univariate desynchronization
data exactly to the frequency bands selected for the MVPA.

Main experiment central ROI.

When restricted to the 8-13 Hz frequency band, no significant desynchronization was
found for either familiar (tzs = -.042, p = .967) or unfamiliar (tzs = -1.160, p = .257) visual
object categories. Similar to the cluster-based analysis, the beta (15-25 Hz) frequency band
revealed significant desynchronization for both the familiar (M = -.251, t2s = -4.630, p < .001,
d =-.891) and unfamiliar (M = -.284, t26 = -5.296, p < .001, d = -1.019) visual object
categories. Further pairwise comparisons revealed they were not significantly different from
one another within the beta band (t2s = 1.001, p = .326). These results (see Figure 4)
compliment the cluster-based analysis, suggesting no significant desynchronization could be
detected within the mu rhythm frequency band, yet significant desynchronization was found

for both visual object categories in the beta frequency band.
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Figure 4: Univariate results from the alpha- and beta-band analysis. Figure shows
the ERSP data in response to viewing both familiar and unfamiliar objects, in both
central and occipital ROls.

Main experiment occipital ROL.

The 8-13 Hz frequency band in the occipital ROI revealed significant
desynchronization for familiar (M = -.488, t2s = -2.972, p = .006, d = -.572) and unfamiliar (M
=-.691, t2s = -4.161, p < .001, d = .801) visual object categories. Further pairwise
comparisons revealed these to be significantly different from one another (t2s = 2.711, p =
012, d =.522). In the beta (15-25 Hz) frequency band, significant desynchronization was
also found for both familiar (M = -.342, t26 = -5.336, p < .001, d = -1.027) and unfamiliar (M
=-.346, t26 = -5.949, p < .001, d = -1.145) visual object categories. Further pairwise
comparisons revealed these were not significantly different from one another (t2s = .164, p =
.871). These results (see Figure 4) compliment the cluster-based analysis, showing alpha and
beta desynchronization for both visual object categories. Interestingly, when separating the
alpha and beta band rather than looking at the combined cluster, we find the alpha band
shows significant differences in desynchronization for the familiar and unfamiliar visual
objects, with stronger attenuation for viewing the unfamiliar objects compared to the familiar

objects.



Correlation analysis.

The results from the correlation analysis (using either Pearson or Spearman) revealed
no significant correlations between each participant’s subjective sleepiness ratings and any
alpha activity across all conditions and ROI’s (all p’s > .321). As such, we can assume
participants feelings of drowsiness throughout the experiment did not influence any of the

alpha desynchronizations that we observed.

Multivariate pattern analysis results.

In order to determine whether content-specific information regarding the familiar
visual objects could be decoded from the mu rhythm frequency band, we computed cross-
validated decoding performance of visual object category independently for each condition
(familiar and unfamiliar visual objects) in the central and occipital ROI, for both the alpha (8-
13 Hz) and beta (15-25 Hz) frequency bands. The analysis was conducted using the entire
stimulus duration period (0-1000ms time-locked to stimulus onset). Therefore, this analysis
matched the univariate alpha- and beta-band analysis (see Univariate results: Alpha- and
beta-band analysis above).

Central ROIL.

Significantly above chance decoding was found for the familiar visual object
categories in the central alpha (mu rhythm) frequency band (M = 57.31%, t2s = 2.268, p =
.016, d = .436; see Figure 5). Conversely, such decoding effects were not found for the
unfamiliar object categories (t26 = .670, p = .509). Further paired samples tests showed these
decoding accuracies were not significantly different from one another (t2s = .921, p = .366).
Interestingly, no significant decoding was found for either familiar (t2s = -.746, p = .462) or
unfamiliar (t2s = .026, p = .980) visual object categories in the central beta frequency band.
These results show, despite a lack of desynchronization in the mu rhythm in the univariate
analysis, discriminable information regarding the familiar visual object categories can be

found in the mu rhythm oscillatory response.
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Figure 5: Decoding of object identity within each visual object category. Cross-
validated two automatic forced choice decoding performance for each stimulus
category (familiar and unfamiliar objects) for each frequency band and ROI.

Occipital ROI.

As can be seen in Figure 5, strong significant decoding was found for familiar visual
object categories in the occipital alpha frequency band (M = 71.48%, t2s = 6.284, p < .001, d
=1.209). Significant decoding was also found for unfamiliar object categories (M = 57.87%,
toe = 2.478, p = .010, d = .477). Interestingly, further comparisons revealed decoding for
familiar visual object categories to be significantly higher than decoding for unfamiliar visual
object categories (t2s = 3.124, p = .002, d = .601). No significant decoding was found for
either familiar (ts = 1.385, p = .178) or unfamiliar (t2s = .699, p = .491) visual object
categories in the occipital beta frequency band. These results show discriminable information
for both conditions of familiar and unfamiliar visual object categories in the alpha frequency
band, which compliments the desynchronization results in the univariate analysis. However,
interestingly the familiar visual objects are significantly more discriminable than the
unfamiliar visual objects, which is in contrast to the univariate analysis which reveals
stronger desynchronization for the unfamiliar objects in the occipital alpha frequency band.
Decoding was not significant for either object category in the beta frequency band, which is

interesting given strong significant desynchronization was found within the beta band in the
univariate analysis.



Discussion

The present study demonstrates, for the first time, that the mu rhythm can produce
specific patterns of activity in response to viewing images of different familiar objects. This
was found despite no tactile stimulation or actions being performed or contained in the
stimuli. Interestingly, no reliable information related to viewing different images of
unfamiliar graspable objects was found in the mu rhythm. Thus, viewing images of familiar
graspable objects may automatically trigger activation of associated tactile or haptic
properties in sensorimotor areas. Furthermore, univariate analysis investigating changes in
event related spectral power revealed significant attenuation in the central beta frequency
band when viewing both familiar and unfamiliar graspable objects, whilst no such attenuation
was found in the mu rhythm oscillatory response. Finally, our analyses of occipital alpha
showed an interesting pattern of greater attenuation for unfamiliar objects but better
representations for familiar object categories, in line with certain account of how expectations
influence neural processing (de Lange et al., 2018). On a methodological level our findings
further highlight how the analysis technique employed (univariate vs multivariate) can offer
complementary views on the role of neural oscillations in response to viewing different visual

object categories.

The mu rhythm contains information that permits discrimination of familiar

graspable objects from vision

In the current experiment we show that information in the mu rhythm can
discriminate different familiar object categories. As such we build and extend upon prior
work that has shown the mu rhythm contains information about observed and executed
actions (Coll et al., 2017). Importantly in this prior study the authors classified features of
observed and executed actions such as transitivity (object directed vs mimed), grasp type
(whole hand vs precision) and the presence of tactile vibration (on vs off). Our work goes
beyond this by showing that the mu rhythm contains information about object identity for
familiar graspable objects — despite the absence of any observed or performed object actions
in the experiment.

While prior work using univariate methods has found greater attenuation of the mu
rhythm to pictures of tools vs non-tools (Proverbio, 2012) and to real 3D vs 2D pictures of

objects (Marini et al., 2019), in the current experiment we did not find any difference in terms



of attenuation between familiar and unfamiliar object categories. It is important to make clear
that not detecting a significant attenuation on the mu rhythm does not provide evidence for
the absence of such an effect. We may not have detected such an effect because both our
familiar and unfamiliar categories comprise pictures of graspable object categories. In
addition, our familiar objects were limited in number (3 examples of 2 object categories) and
did not include tool examples but rather everyday common objects. While there are
advantages in using tools such as the action routines being highly stereotyped to these objects
(e.g. Knights et al., 2022, 2021) here we favoured objects that had richer multisensory
knowledge in the expectation that contextual mechanisms — underpinning transmission of
information from visual to sensorimotor areas - are likely to work most strongly in this case
(see Smith and Goodale, 2015; Smith and Muckli, 2010 for related arguments). Finally, if
participants had undertaken previous actions with the specific familiar objects shown (or even
observed others interacting with these specific objects) we would expect a greater MU
rhythm attenuation (Cannon et al. 2014).

These findings also resonate strongly with our prior fMRI study that show that
familiar but not unfamiliar objects can be discriminated within primary somatosensory brain
areas (Smith and Goodale, 2015; see also Bailey et al., 2023). This study used a superset of
the objects used in the current EEG experiment and revealed a comparable pattern of results —
reliable decoding of the identity of familiar graspable objects but not unfamiliar graspable
objects from primary somatosensory areas. Crucially our previous study also showed no
reliable decoding effects in M1 for familiar or unfamiliar objects (Smith and Goodale 2015).
Taken together with past work that has shown that the mu rhythm may be more related to
tactile stimulation than action per se (Coll et al., 2017) and may localize to primary
somatosensory cortex rather than motor cortex (Cheyne et al., 2003; Ritter et al., 2009) it is
likely that we are measuring in both cases the same underlying effect and that the generators
of our measured decoding effects on the mu rhythm are in SI. However, in the absence of
source localization we acknowledge that this interpretation remains somewhat speculative.
Nonetheless both studies provide strong converging evidence for the view that upon sight of
familiar graspable objects information is triggered in early sensorimotor brain areas related to
object identity. If predictive processing is taken to be the computational goal of the brain
(Clark, 2013; Friston, 2009) then it may be the case that viewing familiar graspable objects
(or in fact hearing sounds associated with such objects — Bailey et al., 2023) automatically

leads to fine grained information about associated tactile or haptic features of such objects



being activated in early somatosensory (or sensorimotor) areas (see Pérez-Bellido et al., 2018
for a related argument; see also Avery et al., 2021).

An alternative reason why we find information specific to the content of only familiar
visual objects in the mu rhythm may be due to the fact participants paid more attention to an
object they were familiar with. However, since spectral power changes in the occipital alpha
oscillation are sensitive to attentional engagement (Hobson and Bishop, 2016), and we
actually found stronger desynchronization for viewing the unfamiliar objects compared to the
familiar objects, this suggests it is unlikely that we are merely measuring engagement of
attention to objects that participants are more familiar with.

We emphasize the fact that the mu rhythm can be used to answer more questions
beyond the function of the mirror neuron system (see also Proverbio 2012; Marini et al.,
2019), and demonstrate how different analysis methods can provide complementary insights
into the key function of the mu rhythm oscillatory response. For example, our research
suggests the content of information which is likely being sent to sensorimotor cortex via
feedback connections from a distal area of cortex (in our case, visual cortex or high-level
multisensory convergence zones) can be measured in the mu rhythm when using MVPA
techniques. This information may not be detected when using simpler univariate analysis
such as assessing attenuation of the mu rhythm. This is important to note because most
previous research has analysed mu rhythm attenuation to measure sensorimotor cortex
activation. To directly compare this to our results would suggest that viewing and executing
actions, or receiving tactile stimulation, is pivotal to detect a mu rhythm response. This is
because no significant attenuation was found in the mu rhythm when viewing different
images of either familiar or unfamiliar graspable objects in the present study, whereas we
find strong significant attenuation when participants performed a voluntary motor response
task. However, a crucial finding in our research is the fact that we did find discriminable
information about the different familiar graspable objects in the mu rhythm when analysing
the data at the multivariate level. This result highlights how such research should consider
adopting a strong focus on multivariate classification techniques to further understand the
role of the mu rhythm (see also Coll et al., 2017), since this method has higher sensitivity and
power to detect fine-grained differences in the representational content of the data (see
Norman, Polyn, Detre, & Haxby, 2006).



The central beta oscillatory response to observation of graspable objects.

The univariate analysis revealed significant desynchronization in the central beta
oscillation in response to participants viewing both familiar and unfamiliar graspable objects.
These responses were not significantly different from one another, suggesting there may be
no familiarity effects in the central beta band, but rather viewing any graspable object in
general can elicit central beta band desynchronization. The significant attenuation is not a
surprising finding given previous research has found the central beta oscillation is involved in
action related processes such as motor imagery, passive movement, and action observation
(Zaepffel et al., 2013). However, interestingly, whilst significant desynchronization was
observed in the central beta band when viewing familiar and unfamiliar graspable objects,
multivariate analysis could not reliably discriminate between the graspable objects for either
category in this frequency band. Therefore, it seems the central beta oscillation can
discriminate between various aspects of observing and executing an action, such as the type
of action, whether it is object directed or mimed, or the presence of tactile stimulation (Coll et
al., 2017), and it may play a role in movement planning (see also Tucciarelli, Turella,
Oosterhof, Weisz, & Lingnau, 2015; Turella et al., 2016). Despite the above, however, it fails
to distinguish between perception of different familiar objects in the current experiment.
Here, these results once again highlight the importance of using different analysis techniques
to answer different questions about oscillatory responses.

Another interesting finding is the clear difference of attenuation found between the
main experiment and the voluntary motor response task in the central beta oscillation.
Neuper, Wortz, and Pfurtscheller (2006) found beta band suppression during preparation of
movement, followed by a strong rebound beta synchronisation after movement, which occurs
whilst the mu rhythm continues to desynchronise. This is exactly what we see in the
voluntary motor response task and is important to highlight for two reasons. First, this
directly indicates how central alpha and beta frequency bands exhibit different dynamics (as
previously suggested by Pfurtscheller et al 1994), emphasizing the importance of separating
these frequency bands to answer different questions regarding cortical function. This
contrasts with previous research which suggests the central alpha (mu rhythm) and central
beta frequency bands are closely related to one another during action production and gesture
observation (Quandt et al., 2012). Future research should consider an EEG source-based
analysis or magnetoencephalography (MEG) study in order to estimate the location of neural

activation found in the alpha and beta frequency bands. Indeed, previous research has found



mu and beta correspond to different sources in SI and Ml (Cheyne, 2013; Cheyne et al., 2003;
Hari and Salmelin, 1997). Based on our results, one might argue that the mu rhythm
desynchronization corresponds to the tactile feel of the button press in SI, whereas the beta
desynchronization corresponds to the motor plan of the button press in MI or pre-motor
cortex (Tucciarelli et al., 2015; Turella et al., 2016). Second, the difference in
desynchronization between the main experiment and the voluntary motor response task
emphasizes the importance of separating observation and execution conditions to answer

different questions about the central beta oscillation (see also Coll et al. 2017).

Occipital alpha may reflect top-down synchronous activity when viewing

graspable objects.

The results found in the occipital alpha frequency band may reflect top-down
neuronal processes underlying perception of objects, since the alpha frequency has previously
been suggested to play an important role in directing information flow through the brain and
allocating resources to relevant brain regions (Haegens et al., 2011; Jensen and Mazaheri,
2010). Our univariate analysis revealed significant desynchronization in the occipital
alpha/beta cluster in response to viewing images of both familiar and unfamiliar graspable
objects, in which the suppression was significantly stronger for unfamiliar objects in the
alpha band when restricting the analyses to precise frequency boundaries. The overall
attenuation may be a reflection of increased blood flow to the visual cortex during perception,
since Perry and Bentin (2009) have previously found a relationship between alpha
suppression recorded posteriorly and BOLD responses in parietal and visual cortex.
Scheeringa et al. (2011) also found alpha suppression reflects the magnitude of the MRI
response in visual cortex during a visual attention task. The reason why attenuation was
stronger for the unfamiliar objects in the occipital alpha band may be a result of a novelty
effect, since previous research has demonstrated stronger occipital alpha desynchronization
following presentation of a novel stimulus compared to a familiar expected stimulus (Shen et
al 2019; Harrison, 1946; Mulholland and Runnals, 1962).

We argue this difference is not simply a confound of expectation about the onset of
the stimulus or attentional engagement, which are both known to influence alpha activity (see
e.g. Hobson & Bishop, 2016; Pfurtscheller, 1992). Tight controls were adopted in this
experiment to account for such confounds; for instance, maintaining constant fixation with a

variable delay eliminated the risk of forming an expectation about when the stimuli might



appear (Samaha et al., 2015). Furthermore, the results of the correlations between KSS scores
(Akerstedt et al., 2014; Akerstedt and Gillberg, 1990) and occipital alpha desynchronization
suggest no significant relationship between feelings of sleepiness, therefore arousal, and the
power of attenuation in the occipital alpha frequency band. Finally, if the stronger
suppression in the occipital alpha oscillation for viewing unfamiliar objects compared to
familiar objects is due to stronger attention paid to these stimuli, we may expect to find a
significantly stronger suppression in the mu rhythm also. This is because Hobson and Bishop
(2016) argue the mu rhythm is easily confounded with occipital alpha suppression. However,
we do not find the same pattern of results in the mu rhythm oscillatory response, with the
strength of desynchronization between viewing familiar and unfamiliar objects not being
significantly different from one another.

Interestingly, the multivariate analysis in the occipital alpha band could significantly
discriminate within both the familiar and unfamiliar visual object categories, whereby
decoding is significantly stronger for viewing familiar graspable objects when compared to
unfamiliar. We suggest this difference is due to the two analysis techniques detecting
different aspects of the oscillatory response, since multivariate analysis has more power to
detect fine-grained differences in the representational content of the data (Norman et al.,
2006). As mentioned previously, Bastos et al. (2012) suggested the alpha frequency
coordinates the feedback of predictions to low-level areas, however occipital alpha in
particular is known to transmit prior knowledge and expectations to visual cortex, such as in a
perceptual decision making experiment (Sherman et al., 2016; see also Chen et al., 2023). As
such, it may be the case that familiar objects could be better read out from occipital alpha
activity due to the availability of previous knowledge for these objects. Intriguingly the
pattern of effects found on alpha attenuation vs representation are in keeping with the
sharpening account of expectation suppression (de Lange et al., 2018; Kok et al., 2012),
implying that familiarity with the object leads to greater attenuation but better representation.

It is important to note that the direction of the multivariate effect in the occipital alpha
band is similar to the multivariate effect in the central alpha band (mu rhythm), meaning in
both cases decoding is stronger for viewing familiar compared to unfamiliar objects. The
reason why the effect is similar (yet weaker) in the mu rhythm may be a case of more
information being fed back to occipital cortex than sensorimotor cortex regarding the stored
knowledge about the familiar visual objects (Martin, 2016), since feedback information is
suggested to oscillate at an alpha frequency (Bastos et al., 2012). To confirm this idea, an

interesting avenue for future research could consider conducting the multivariate analyses in



the gamma (40-80 Hz; Seymour, Rippon, Gooding-Williams, Schoffelen, & Kessler, 2018)
frequency range in both occipital and central electrodes, since information processing in this
frequency is coherent with activity in superficial layers of cortex (Buffalo et al., 2011). This
is important since feedforward connections predominantly arise from superficial layers of
cortex (Barone et al., 2000; Buffalo et al., 2011). Furthermore, research has suggested gamma
conveys feedforward information (Van Kerkoerle et al., 2014). Therefore, if gamma reflects
feedforward processing, we would expect to find above chance decoding for both familiar
and unfamiliar graspable objects in the occipital gamma oscillation, yet no above chance
decoding in the central gamma oscillation. Furthermore, we would expect to find no
differences between decoding accuracies for familiar and unfamiliar graspable objects in the
occipital gamma band if this frequency reflects feedforward input, since Smith and Goodale
(2015) found no significant differences in decoding between viewing familiar and unfamiliar
graspable objects in VI. This idea is further supported by previous research which has found
gamma activity most strongly and significantly contributed to explaining BOLD variance
(Scheeringa et al., 2011) or changes in contrast (Koch et al., 2009) in human visual cortex.

Conclusion

In summary, this study has shown that the mu rhythm oscillation contains information
specific to the identity of familiar object categories, when triggered via vision. In contrast, no
such effects were detected when participants viewed images of unfamiliar graspable objects.
Our work provides converging evidence that the neural representations present in early
sensorimotor areas (most likely primary somatosensory cortex) can be shaped in a fine
grained manner by relevant contextual information originating in different sensory
modalities. As such our data show evidence for the precise temporal communication of
information, and thus a potential oscillatory marker, of cross-sensory effects from vision to
sensorimotor cortex. Thus our approach offers one method to quantify the neural influences
of object affordances in future research. Finally, we highlight the importance of using
different analysis techniques to extract different types of information from neural oscillations.
We emphasize the need for research to focus on multivariate analysis techniques which can
read out fine-grained pattern information from oscillatory responses, in turn answering new

questions that simple analyses on attenuation of power may fail to detect.



References

Akerstedt, T., Anund, A., Axelsson, J., Kecklund, G., 2014. Subjective sleepiness is a
sensitive indicator of insufficient sleep and impaired waking function. J. Sleep Res. 23,
240-52.

Akerstedt, T., Gillberg, M., 1990. Subjective and objective sleepiness in the active individual.
Int. J. Neurosci. 52, 29-37.

Avery, J.A., Liu, A.G., Ingeholm, J.E., Gotts, S.J., Martin, A., 2021. Viewing images of
foods evokes taste quality-specific activity in gustatory insular cortex. Proc. Natl. Acad.
Sci. U. S. A. 118. https://doi.org/10.1073/pnas.2010932118

Bailey, K.M., Giordano, B.L., Kaas, A.L., Smith, F.W., 2023. Decoding sounds depicting
hand-object interactions in primary somatosensory cortex. Cereb. Cortex 33, 3621—
3635. https://doi.org/10.1093/cercor/bhac296

Barone, P., Batardiere, A., Knoblauch, K., Kennedy, H., 2000. Laminar Distribution of
Neurons in Extrastriate Areas Projecting to Visual Areas V1 and V4 Correlates with the
Hierarchical Rank and Indicates the Operation of a Distance Rule. J. Neurosci. 20,
3263-3281.

Bastos, A.M., Usrey, W.M., Adams, R.A., Mangun, G.R., Fries, P., Friston, K.J., 2012.
Canonical Microcircuits for Predictive Coding. Neuron 76, 695-711.
https://doi.org/10.1016/j.neuron.2012.10.038

Bastos, A.M., Vezoli, J., Bosman, C.A., Schoffelen, J.M., Oostenveld, R., Dowdall, J.R.,
DeWeerd, P., Kennedy, H., Fries, P., 2015. Visual areas exert feedforward and feedback
influences through distinct frequency channels. Neuron 85, 390-401.
https://doi.org/10.1016/j.neuron.2014.12.018

Benjamini, Y., Yekutieli, D., 2001. The control of the false discovery rate in multiple testing
under dependency. Ann. Stat. 29, 1165-1188. https://doi.org/10.3390/s130810151

Bigdely-Shamlo, N., Mullen, T., Kothe, C., Su, K.-M., Robbins, K.A., 2015. The PREP
pipeline: standardized preprocessing for large-scale EEG analysis. Front. Neuroinform.
9, 1-20. https://doi.org/10.3389/fninf.2015.00016

Buffalo, E.A., Fries, P., Landman, R., Buschman, T.J., Desimone, R., 2011. Laminar
differences in gamma and alpha coherence in the ventral stream. Proc. Natl. Acad. Sci.
108, 11262-11267. https://doi.org/10.1073/pnas.1011284108



Cannon EN, Yoo KH, Vanderwert RE, Ferrari PF, Woodward AL, Fox NA (2014)
Action Experience, More than Observation, Influences Mu Rhythm Desynchronization. PL0S
ONE 9(3): €92002. https://doi.org/10.1371/journal.pone.0092002

Chang, C.-Y., Hsu, S.-H., Pion-Tonachini, L., Jung, T.-P., 2018. Evaluation of Artifact
Subspace Reconstruction for Automatic EEG Artifact Removal Mental Health
Monitoring with EEG View project Evaluation of Artifact Subspace Reconstruction for
Automatic EEG Artifact Removal 1242-1245.
https://doi.org/10.1109/EMBC.2018.8512547

Chang, C., Lin, C., 2011. LIBSVM: a library for support vector machines. ACMTrans Intell
Syst Technol. 2:27.

Chen, L., Cichy, R.M., Kaiser, D., 2023. Alpha-frequency feedback to early visual cortex
orchestrates coherent natural vision. bioRxiv 2023.02.10.527986.

Cheyne, D.O., 2013. MEG studies of sensorimotor rhythms: A review. Exp. Neurol. 245, 27—
39. https://doi.org/10.1016/j.expneurol.2012.08.030

Cheyne, D.O., Gaetz, W., Garnero, L., Lachaux, J.P., Ducorps, A., Schwartz, D., Varela, F.J.,
2003. Neuromagnetic imaging of cortical oscillations accompanying tactile stimulation.
Cogn. Brain Res. 17, 599-611. https://doi.org/10.1016/S0926-6410(03)00173-3

Ciuparu, A., Muresan, R.C., 2016. Sources of bias in single-trial normalization procedures.
Eur. J. Neurosci. 43, 861-869. https://doi.org/10.1111/ejn.13179

Clark, A., 2013. Whatever next? Predictive brains, situated agents, and the future of cognitive
science. Behav. Brain Sci. 181-253. https://doi.org/10.1017/S0140525X12000477

Cohen, J.D., 1988. Statistical power analysis for the behavioral sciences, 2nd ed. Erlbaum,
Hillsdale, NJ.

Cohen, M., 2014. Analyzing neural time series data: theory and practice. The MIT Press,
Cambridge, Massachussetts.

Coll, M.-P., Press, C., Hobson, H., Catmur, C., Bird, G., 2017. Crossmodal Classification of
Mu Rhythm Activity during Action Observation and Execution Suggests Specificity to
Somatosensory Features of Actions. J. Neurosci. 37, 5936-5947.
https://doi.org/10.1523/JNEUROSCI.3393-16.2017

Cuellar, M., Toro, C. del, 2017. Time-Frequency Analysis of Mu Rhythm Activity during
Picture and Video Action Naming Tasks. Brain Sci. 7, 114.
https://doi.org/10.3390/brainsci7090114

de Lange, F.P., Heilbron, M., Kok, P., 2018. How Do Expectations Shape Perception? Trends



Cogn. Sci. 22, 764-779. https://doi.org/10.1016/j.tics.2018.06.002

Delorme, A., Makeig, S., 2004. EEGLAB: an open sorce toolbox for analysis of single-trail
EEG dynamics including independent component analysis. J. Neurosci. Methods 134, 9—
21. https://doi.org/10.1016/j.jneumeth.2003.10.009

Fox, N. a, Bakermans-Kranenburg, M.J., Yoo, K.H., Bowman, L.C., Cannon, E.N.,
Vanderwert, R.E., Ferrari, P.F., Van ljzendoorn, M.H., 2016. Assessing Human Mirror
Activity With EEG Mu Rhythm: A Meta-Analysis. Psychol. Bull. 142, 291-313.
https://doi.org/10.1037/bul0000031

Friston, K., 2009. The free-energy principle: a rough guide to the brain? Trends Cogn. Sci.
13, 293-301. https://doi.org/10.1016/j.tics.2009.04.005

Gabard-Durnam, L.J., Mendez Leal, A.S., Wilkinson, C.L., Levin, A.R., 2018. The Harvard
Automated Processing Pipeline for Electroencephalography (HAPPE): Standardized
Processing Software for Developmental and High-Artifact Data. Front. Neurosci. 12, 1—
24. https://doi.org/10.3389/fnins.2018.00097

Gibson, J., 1979. The Ecological Approach to Visual Perception. Houghton Mifflin, Boston.

Grummett, T.S., Fitzgibbon, S.P., Lewis, T.W., DeLosAngeles, D., Whitham, E.M., Pope,
K.J., Willoughby, J.O., 2014. Constitutive spectral EEG peaks in the gamma range:
suppressed by sleep, reduced by mental activity and resistant to sensory stimulation.
Front. Hum. Neurosci. 8, 1-11. https://doi.org/10.3389/fnhum.2014.00927

Haegens, S., Handel, B.F., Jensen, O., 2011. Top-Down Controlled Alpha Band Activity in
Somatosensory Areas Determines Behavioral Performance in a Discrimination Task. J.
Neurosci. 31, 5197-5204. https://doi.org/10.1523/jneurosci.5199-10.2011

Hari, R., Salmelin, R., 1997. Human cortical oscillations: A neuromagnetic view through the
skull. Trends Neurosci. 20, 44-49. https://doi.org/10.1016/S0166-2236(96)10065-5

Harrison, J.M., 1946. An examination of the varying effect of certain stimuli upon the alpha
rhythm of a single normal individual. Br. J. Psychol. 37, 20.

Hobson, H.M., Bishop, D.V.M., 2016. Mu suppression — A good measure of the human
mirror neuron system? Cortex 82, 290-310. https://doi.org/10.1016/j.cortex.2016.03.019

Jensen, O., Mazaheri, A., 2010. Shaping Functional Architecture by Oscillatory Alpha
Activity: Gating by Inhibition. Front. Hum. Neurosci. 4, 1-8.
https://doi.org/10.3389/fnhum.2010.00186

Knights, E., Mansfield, C., Tonin, D., Saada, J., Smith, F.W., 2021. Hand-Selective Visual
Regions Represent How to Grasp 3D Tools : Brain Decoding during Real Actions. J.
Neurosci. 41, 5263-5273.



Knights, E., Smith, F.W., Rossit, S., 2022. The role of the anterior temporal cortex in action:
evidence from fMRI multivariate searchlight analysis during real object grasping. Sci.
Rep. 12, 1-10. https://doi.org/10.1038/s41598-022-12174-9

Koch, S.P., Werner, P., Steinbrink, J., Fries, P., Obrig, H., 2009. Stimulus-Induced and State-
Dependent Sustained Gamma Activity Is Tightly Coupled to the Hemodynamic
Response in Humans. J. Neurosci. 29, 13962—-13970.
https://doi.org/10.1523/jneurosci.1402-09.2009

Kok, P., Jehee, J.F.M., de Lange, F.P., 2012. Less Is More: Expectation Sharpens
Representations in the Primary Visual Cortex. Neuron 75, 265-270.
https://doi.org/10.1016/j.neuron.2012.04.034

Kothe, C.A.E., Jung, T.P., 2016. ARTIFACT REMOVAL TECHNIQUES WITH SIGNAL
RECONSTRUCTION. 14/895,440.

Kriegeskorte, N., Lindquist, M.A., Nichols, T.E., Poldrack, R.A., Vul, E., 2010. Everything
you never wanted to know about circular analysis, but were afraid to ask. J. Cereb.
Blood Flow Metab. 30, 1551-1557. https://doi.org/10.1038/jcbfm.2010.86

Kriegeskorte, N., Simmons, W.K., Bellgowan, P.S., Baker, C.I., 2009. Circular analysis in
systems neuroscience: The dangers of double dipping. Nat. Neurosci. 12, 535-540.
https://doi.org/10.1038/nn.2303

Lakens, D., 2013. Calculating and reporting effect sizes to facilitate cumulative science: A
practical primer for t-tests and ANOVAs. Front. Psychol. 4, 1-12.
https://doi.org/10.3389/fpsyg.2013.00863

Luck, S.J., 2005. An Introduction to Event-Related Potentials and their Neural Origins. MIT
Press, Cambridge.

Makeig, S., 1993. Effects of Exposure to Pure Tones on Event-Related Dynamics of the EEG
Spectrum. Electroencephalogr Clin Neurophysiol. 86, 283-293.
https://doi.org/10.1016/0013-4694(93)90110-H

Mares I, Ewing L, Farran EK, Smith FW & Smith ML. 2020. Developmental changes in the
processing of faces as revealed by EEG decoding, Neuroimage 211, 116660.

Marini, F., Breeding, K.A., Snow, J.C., 2019. Distinct visuo-motor brain dynamics for real-
world objects versus planar images. Neuroimage 195, 232-242.
https://doi.org/10.1016/j.neuroimage.2019.02.026

Martin, A., 2016. GRAPES—Grounding representations in action, perception, and emotion
systems: How object properties and categories are represented in the human brain.
Psychon. Bull. Rev. 23, 979-990. https://doi.org/10.3758/s13423-015-0842-3



Meyer, K., Damasio, A., 2009. Convergence and divergence in a neural architecture for
recognition and memory. Trends Neurosci. 32, 376-382.
https://doi.org/10.1016/j.tins.2009.04.002

Michalareas, G., Vezoli, J., van Pelt, S., Schoffelen, J.M., Kennedy, H., Fries, P., 2016.
Alpha-Beta and Gamma Rhythms Subserve Feedback and Feedforward Influences
among Human Visual Cortical Areas. Neuron 89, 384-397.
https://doi.org/10.1016/j.neuron.2015.12.018

Mulholland, T., Runnals, S., 1962. Increased occurrence of EEG alpha during increased
attention. J. Psychol. 54, 317-330.

Mullen, T., Kothe, C., Chi, Y.M., Ojeda, A., Kerth, T., Makeig, S., Cauwenberghs, G., Jung,
T.P., 2013. Real-time modeling and 3D visualization of source dynamics and
connectivity using wearable EEG, in: Proceedings of the Annual International
Conference of the IEEE Engineering in Medicine and Biology Society, EMBS. pp.
2184-2187. https://doi.org/10.1109/EMBC.2013.6609968

Mur, M., Bandettini, P.A., Kriegeskorte, N., 2009. Revealing representational content with
pattern-information fMRI - An introductory guide. Soc. Cogn. Affect. Neurosci. 4, 101-
109. https://doi.org/10.1093/scan/nsn044

Muthukumaraswamy, S.D., Johnson, B.W., 2004. Changes in rolandic mu rhythm during
observation of a precision grip. Psychophysiology 41, 152-156.
https://doi.org/10.1046/j.1469-8986.2003.00129.x

Muthukumaraswamy, S.D., Johnson, B.W., McNair, N.A., 2004. Mu rhythm modulation
during observation of an object-directed grasp. Cogn. Brain Res. 19, 195-201.
https://doi.org/10.1016/j.cogbrainres.2003.12.001

Neuper, C., Wortz, M., Pfurtscheller, G., 2006. ERD/ERS patterns reflecting sensorimotor
activation and deactivation. Prog. Brain Res. 159, 211-222.

Niedermeyer, E., da Silva, F., 2005. Electroencephalography: Basic principles, clinical
applications, and related fields, 5th ed. Lippincott Williams & Wilkins, Philadelphia.

Norman, K.A., Polyn, S.M., Detre, G.J., Haxby, J. V, 2006. Beyond mind-reading: multi-
voxel pattern analysis of fMRI data. Trends Cogn. Sci. 10, 424-430.
https://doi.org/10.1016/j.tics.2006.07.005

Oldfield, R.C., 1971. The assessment and analysis of handedness: The Edinburgh inventory.
Neuropsychologia 9, 97-113. https://doi.org/10.1016/0028-3932(71)90067-4

Op de Beeck, H.P., Torfs, K., Wagemans, J., 2008. Perceived Shape Similarity among
Unfamiliar Objects and the Organization of the Human Object Vision Pathway. J.



Neurosci. 28, 10111-10123. https://doi.org/10.1523/JNEUROSCI.2511-08.2008
Pérez-Bellido, A., Anne Barnes, K., Crommett, L.E., Yau, J.M., 2018. Auditory Frequency
Representations in Human Somatosensory Cortex. Cereb. Cortex 28, 3908-3921.

https://doi.org/10.1093/cercor/bhx255
Perry, A., Bentin, S., 2009. Mirror activity in the human brain while observing hand

movements: A comparison between EEG desynchronization in the p-range and previous
fMRI results. Brain Res. 1282, 126-132. https://doi.org/10.1016/j.brainres.2009.05.059

Pernet CR, Wilcox R, Rousselet GA (2012) Robust correlation analyses: false positive and

power validation using a new open source Matlab toolbox. Frontiers in psychology, 3.

Pfurtscheller, G., 1992. Event-related synchronization (ERS): an electrophysiological
correlate of cortical areas at rest. Electroencephalogr Clin Neurophysiol 83, 62-9.

Pfurtscheller, G., Lopes, F.H., 1999. Event-related EEG / MEG synchronization and
desynchronization : basic principles. Clin. Neurophysiol. 110, 1842-1857.
https://doi.org/10.1016/S1388-2457(99)00141-8

Pfurtscheller, G., Neuper, C., Andrew, C., Edlinger, G., 1997. Foot and hand area mu
rhythms, in: International Journal of Psychophysiology. pp. 121-135.
https://doi.org/10.1016/S0167-8760(97)00760-5

Pfurtscheller, G., Pregenzer, M., Neuper, C., 1994. Visualization of sensorimotor areas
involved in preparation for hand movement based on classification of p and central f3
rhythms in single EEG trials in man. Neurosci. Lett. 181, 43-46.

Pfurtscheller, G., Stancék, A., Neuper, C., 1996. Event-related synchronization (ERS) in the
alpha band - An electrophysiological correlate of cortical idling: A review. Int. J.
Psychophysiol. 24, 39-46. https://doi.org/10.1016/S0167-8760(96)00066-9

Pineda, J.A., 2005. The functional significance of mu rhythms: Translating “seeing” and
“hearing” into “doing.” Brain Res. Rev. 50, 57-68.
https://doi.org/10.1016/j.brainresrev.2005.04.005

Proverbio, A.M., 2012. Tool perception suppresses 10-12Hz mu rhythm of EEG over the
somatosensory area. Biol. Psychol. 91, 1-7.
https://doi.org/10.1016/j.biopsycho.2012.04.003

Quandt, L.C., Marshall, P.J., Shipley, T.F., Beilock, S.L., Goldin-Meadow, S., 2012.
Sensitivity of alpha and beta oscillations to sensorimotor characteristics of action: An
EEG study of action production and gesture observation. Neuropsychologia 50, 2745—



2751. https://doi.org/10.1016/j.neuropsychologia.2012.08.005

Renoult, L., Davidson, P.S.R., Schmitz, E., Park, L., Campbell, K., Moscovitch, M., Levine,
B., 2015. Autobiographically Significant Concepts: More Episodic than Semantic in
Nature? An Electrophysiological Investigation of Overlapping Types of Memory. J.
Cogn. Neurosci. 27, 57-72. https://doi.org/10.1162/jocn_a_00689

Ritter, P., Moosmann, M., Villringer, A., 2009. Rolandic alpha and beta EEG rhythms’
strengths are inversely related to fMRI-BOLD signal in primary somatosensory and
motor cortex. Hum. Brain Mapp. 30, 1168-1187. https://doi.org/10.1002/hbm.20585

Samaha, J., Bauer, P., Cimaroli, S., Postle, B.R., 2015. Top-down control of the phase of
alpha-band oscillations as a mechanism for temporal prediction. Proc. Natl. Acad. Sci.
112, 8439-8444. https://doi.org/10.1073/pnas.1503686112

Scheeringa, R., Fries, P., Petersson, K.M., Oostenveld, R., Grothe, I., Norris, D.G., Hagoort,
P., Bastiaansen, M.C.M., 2011. Neuronal Dynamics Underlying High- and Low-
Frequency EEG Oscillations Contribute Independently to the Human BOLD Signal.
Neuron 69, 572-583. https://doi.org/10.1016/j.neuron.2010.11.044

Seymour, R.A., Rippon, G., Gooding-Williams, G., Schoffelen, J.-M., Kessler, K., 2018.
Dysregulated Oscillatory Connectivity in the Visual System in Autism Spectrum
Disorder. bioRxiv 1-43. https://doi.org/10.1101/440586

Sherman, M.T., Kanai, R., Seth, A.K., Van Rullen, R., 2016. Rhythmic influence of top-
down perceptual priors in the phase of prestimulus occipital alpha oscillations. J. Cogn.
Neurosci. 28, 1318-1330. https://doi.org/10.1162/jocn_a 00973

Smith, F.W., Goodale, M.A., 2015. Decoding visual object categories in early somatosensory
cortex. Cereb. Cortex 25, 1020-1031. https://doi.org/10.1093/cercor/bht292

Smith, F.W., Muckli, L., 2010. Nonstimulated early visual areas carry information about
surrounding context. Proc. Natl. Acad. Sci. U. S. A. 107, 20099-20103.
https://doi.org/10.1073/pnas.1000233107

Smith, F.W., Smith, M.L., 2019. Decoding the dynamic representation of facial expressions
of emotion in explicit and incidental tasks. Neuroimage 195, 261-271.
https://doi.org/10.1016/j.neuroimage.2019.03.065

Tucciarelli, R., Turella, L., Oosterhof, N.N., Weisz, N., Lingnau, A., 2015. MEG multivariate
analysis reveals early abstract action representations in the lateral occipitotemporal
cortex. J. Neurosci. 35, 16034-16045. https://doi.org/10.1523/JNEUROSCI.1422-
15.2015

Turella, L., Tucciarelli, R., Oosterhof, N.N., Weisz, N., Rumiati, R., Lingnau, A., 2016. Beta



band modulations underlie action representations for movement planning. Neuroimage
136, 197-207. https://doi.org/10.1016/j.neuroimage.2016.05.027

Van Kerkoerle, T., Self, M.W., Dagnino, B., Gariel-Mathis, M.A., Poort, J., Van Der Togt,
C., Roelfsema, P.R., 2014. Alpha and gamma oscillations characterize feedback and
feedforward processing in monkey visual cortex. Proc. Natl. Acad. Sci. U. S. A. 111,
14332-14341. https://doi.org/10.1073/pnas.1402773111

Zaepffel, M., Trachel, R., Kilavik, B.E., Brochier, T., 2013. Modulations of EEG Beta Power
during Planning and Execution of Grasping Movements. PLoS One 8, 60060.
https://doi.org/10.1371/journal.pone.0060060

Warman, A., Clark, A., Malcolm, G. L., Havekost, M., & Rossit, S. (2022, January 7). Is

there a lower visual field preference in object affordances? A registered report.

https://doi.org/10.31234/osf.io/zgp8a



https://doi.org/10.31234/osf.io/zqp8a

Supplementary Information

Central ROI Central ROI Occipital ROI Occipital ROl
Familiar Objects Unfamiliar Objects Familiar Objects Unfamiliar Objects

-200 0 200 1000 -200 0 200 1000 -200 0 200 1000 -200 0 200
Time (ms) Time (ms) Time (ms) Time (ms)

= 2NN w
=T =}

Frequencies (Hz)

(5]

Supplementary Figure 1: Masks of the actual significant pixels from the cluster-based

analysis for each visual object category condition and ROI.

Supplementary Analysis

Further Univariate Tests of MU Rhythm response to familiar vs unfamiliar graspable objects

We performed several additional analyses — on the basis of reviewer recommendation
— to further test whether there was any univariate difference in the MU Rhythm response to
familiar vs unfamiliar objects in central electrodes.

Given that subjectively there is a ‘ribbon’ of desynchronization present in Figure 2A
in the region of the MU rhythm (Central ROI), albeit it is not significant under our original
analysis (either by using cluster correction in time-frequency space or via performing a
simpler analysis of amplitude present in each band, collapsing across the full stimulus
duration), we re-ran our band-specific analysis (see Figure 4 for original) on ERSP for the
central ROI including time-windows from 400ms post-stimulus onwards and 8-10Hz (where
the effect seems to be present in the plots). Despite this, however, there was still no evidence
for significant attenuation of the MU rhythm over central sites (Familiar: t (26) =-1.12,p =
0.271; Unfamiliar: t (26) = -1.65, p = 0.111). We also explored other corrections for multiple
comparisons of the full time-frequency ERSP data in Figure 2 (tfCE and the Max statistic)

and no method revealed significant attenuation in the region of the MU rhythm.



