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ARTICLE INFO ABSTRACT

Keywords: OPM-MEG (optically pumped magnetometers-magnetoencephalography) offers unprecedented opportunity in its
OPM-MEG proximity to the brain and in mobility, outperforming other human MEG systems. However, movements induce
N400

low-frequency artifacts (up to ~3 Hz) in this system, calling for pipelines that could efficiently reduce these low-
frequency noises. Although a high-pass filter of e.g., 4 Hz may minimize these artifacts, it may also eliminate
many event-related field (ERF) components, such as the N400 response in sentence processing studies. Moreover,
as an emerging technology with expensive sensors, many labs are starting with an experimental setup with fewer
sensors (e.g., ~10), making it challenging to reject principal components based on visually inspecting the
topographic field maps. In the current paper, we show that a combination of moderate high-pass filtering (1 Hz)
and evoked-biased denoising source separation (evoked-biased DSS) can effectively reveal typical N400 de-
flections and effects (between nouns and verbs), with a nine-sensor OPM-MEG setup. Our current pipeline paves

Sentence processing
DSS (denoising source separation)

the way to studying ERFs with OPM-MEG in more budget-friendly setups with a small number of sensors.

1. Introduction

Magnetoencephalography (MEG) is a non-invasive neuroimaging
technology with both high spatial and temporal resolution. MEG studies
therefore offer important complementary evidence in the field of
cognitive neuroscience, compared to e.g., EEG (electroencephalog-
raphy; with good temporal resolution but bad spatial resolution) and
fMRI (functional magnetic resonance imaging; with good spatial reso-
lution but bad temporal resolution). MEG also possesses largely under-
explored clinical potential including e.g., the diagnosis of concussion
[1,2] and dyslexia [3-5]. MEG sites existing for more than 10 years
typically make use of SQUID-MEG systems (SQUID: superconducting
quantum interference device), but recent years have seen an increasing
transition to OPM-MEG systems (OPM: optically pumped magnetome-
ters), which possess several properties that are more desirable than
SQUID-MEG systems [6-14]. First, OPM-MEG systems do not require the

constant liquid helium supply necessary for SQUIDs, which is expensive
and is easily affected by helium shortages. Second, OPM sensors can be
much closer to the scalp compared to SQUIDs, allowing for higher signal
amplitudes (which is critical for detecting the faint magnetic signals
from the brain, generally at the scale of femtoteslas [fT], 10715 T). For
example, in the current study the OPM sensors were attached to an EEG
cap, which is much closer to neural sources in the brain compared to
SQUIDs, which are encapsulated in a dewar that cannot fit flexibly to the
scalp (in this case the minimum distance to cortical sources would be
~2-4 cm [15,16]). Third, most current OPM-MEG systems are much
more mobile than SQUID-MEG systems, which may allow for mild
movements during data collection. Mild movements are generally
inevitable, especially for certain populations such as young children,
positing challenges to the inclusion of more populations for SQUID-MEG
systems. Moreover, a mobile setup allows for MEG recordings in more
naturalistic settings.
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However, what comes along with OPM-MEG’s mobility is a low-
frequency artifact driven by the interaction between the magnetome-
ters and the remnant field gradients present in all magnetically shielded
rooms [17]. Although participants are instructed not to move their head
during experiments, it is impossible for their heads to be completely
motionless due to e.g., breathing. Even seemingly small movements
would drive considerable artifacts at the magnetometers, resulting in
low-frequency artifacts in the data that are believed to be up to ~3 Hz
[7,18]. This contrasts with canonical SQUID-MEG set-ups and some
OPM-MEG designs [19], where the SQUID dewar or the OPM helmet are
rigidly attached to the ground, and thus could only be affected when the
ground moves relative to the Earth’s magnetic field (e.g., when someone
is stomping on the ground close to the MEG scanner). Several previous
studies would therefore apply a high-pass filter with a rather high cutoff
of e.g., 4 Hz in order to ensure removal of low-frequency artifacts
[7,18,20-22]. While removing signal power below 4 Hz may not cause a
problem if the goal is to examine the power of oscillatory bands above
this filter, this practice may pose a problem for studying event-related
fields (ERFs), as high-pass filters with a high cutoff are known to
attenuate or eliminate ERP (event-related potential) amplitudes and ERP
effects across conditions in EEG studies [23-26]. Moreover, since visual
sentence processing studies usually present each segment (usually a
word) for several hundreds of milliseconds, many ERF components may
form some regularities in a lower frequency range slightly above 1 Hz
[27,28]. Therefore a high-pass filter (HPF) of 4 Hz would especially risk
removing these ERF components [7]. To preview, we also observed such
effects in the current study. The application of a 4 Hz HPF is thus a
compromise between removing slow movement-related signals and
preserving all ERFs. As an alternative, some previous studies employed a
moderate high-pass filter of e.g., 1 Hz, along with canonical pre-
processing methods for SQUID-MEG data including ICA [29]. However,
ICA may not be able remove the movement artifacts if they are statis-
tically non-stationary. The fundamental challenge is that, while ICA
procedures typically reject undesirable components related to e.g., eye
blinks and heart beats through inspection of waveform and topographic
field map [30], it is unclear what would be the canonical topography for
low-frequency movement artifacts in OPM-MEG. Moreover, with
experimental OPM-MEG setups with a handful of (e.g., ~10) sensors, it
is challenging to establish full topographic field maps in the first place
[29,31]. Furthermore, the ability for ICA to single out “clean” artifact
components appears to degrade as the number of sensors decrease [32].
However, the number of OPM sensors available is usually constrained by
the nontrivial price of OPM sensors, so that many labs starting on OPM-
MEG only possess a limited number of sensors. Therefore, a reasonable
pipeline for OPM-MEG needs to be developed to analyze ERFs with the
goal of (1) attenuating low-frequency movement artifacts, (2) retaining
major ERF deflections and ERF effects, and (3) accommodating OPM-
MEG setups with a smaller set of sensors (for which inspecting the
topographic field map is challenging). Developing methods for setups
with small numbers of OPMs will lead to more cost-effective research
tools, as OPM sensors are still very expensive. Such pipelines would
greatly unleash the potential of OPM-MEG to study ERFs, including in
sentence processing experiments.

One existing denoising method, evoked-biased denoising source
separation (evoked-biased DSS [33]), may resolve this challenge, since
this method does not rely on visual inspection of topographic field maps.
Evoked-biased DSS decomposes data from sensors into PCA (principal
component analysis) components, ranking from more time-locked to less
time-locked. Assuming that movements are generally not time-locked to
the stimulus, by keeping the first few components and excluding the rest
of the components, we do not risk removing evoked responses much,
while attenuating the effects from movement artifacts. However,
evoked-biased DSS has not been tested on OPM-MEG data.

In the current OPM-MEG study, with a canonical visual sentence
processing paradigm in Mandarin Chinese, we compared across pre-
processing pipelines with various high-pass filtering thresholds and
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with/without evoked-biased DSS, leveraging the well-studied N400
response (and N400 effects across conditions) observed in SQUID-MEG
and EEG [34,35]. In SQUID-MEG, N400 manifests as a deflection
around 350 ms which is particularly observable in the sensors above the
left hemisphere [36-38]. Apart from the N400 deflection per se, we also
capitalize on the difference in N400 amplitude between verbs and
nouns, which has been observed in SQUID-MEG and EEG systems as
well, across a variety of languages including Mandarin Chinese (our
stimuli language; [39-43]). To date, few sentence processing experi-
ments have been conducted with OPM-MEG. Although one recent study
employed an auditory sentence processing paradigm [44], they pri-
marily employed multivariate analysis methods, and so it was unclear
whether the canonical univariate N400 deflection and N400 effects were
preserved.

To preview, we observed that while a 4 Hz high-pass filter
completely destroyed the N400 deflection and any N400 differences
between verbs and nouns, a low (0.1 Hz) or moderate (1 Hz) high-pass
filter alone retained too much low-frequency artifacts in ERF data.
Combining a moderate high-pass filter (1 Hz) with evoked-biased DSS
appeared to offer the best performance in attenuating low-frequency
movement artifacts while retaining the N400 deflection and the N400
difference between verbs and nouns.

2. Method
2.1. Participants

11 native speakers of Mandarin Chinese participated in this study (5
females, age M = 25, range = 10, SD = 3). All participants were right-
handed, as measured by a translated version of the Edinburgh Hand-
edness Inventory [45]. Informed consent was obtained from all partic-
ipants and they received monetary reimbursement for their
participation. The procedures were approved by the IRB of University of
Maryland.

As a proof-of-concept initial study on OPM-MEG, we recruited a
smaller sample size compared to SQUID-MEG studies; the current sam-
ple size is comparable to other exploratory OPM-MEG studies [46,47].
Meanwhile, we acknowledge that a larger sample size would bring about
higher statistical power and would be beneficial as an important future
step. As the goal of our current study was not comparing across pop-
ulations, we did not screen participants based on e.g., psychiatric con-
ditions. N400 components and N400 effects are generally preserved in at
least some psychiatric conditions, e.g., schizophrenia [48,49].

2.2. Stimuli and procedure

The experiment was modeled after the EEG experiment of [50], with
more sentences and therefore more trials.

Stimuli. We first came up with two lists of 80 verbs and 80 nouns in
Mandarin Chinese, which was a superset of the list used in [50]. The
verbs consisted of 40 separable verbs and 40 inseparable verbs; the
nouns consisted of 40 compound nouns and 40 simplex nouns. For their
detailed syntactic properties, see [50]. Comparing the responses be-
tween the two types of verbs or the two types of nouns is beyond the
purpose of the current paper. In short, the separable verbs are linguis-
tically more complex than the inseparable verbs, and the compound
nouns are linguistically more complex than the simplex nouns. These
verbs and nouns were all disyllabic, each corresponding to two Chinese
characters (average number of strokes for each verb or noun item: verb:
16.2; noun: 15.3). Mean log frequency in the BCC corpus [51]: verb: 3.9,
noun: 3.5. Mean log frequency in the CCL corpus [52]: verb: 4.1, noun:
3.7.

Then we created 160 sentences based on the 160 verb and noun
items. The verbs and nouns were embedded in sentences in a certain
sentential structure respectively, demonstrated in Table 1. Two coun-
terbalanced lists of sentences for the verbs were created with two
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Table 1
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Example sentential stimuli for our experiment. The critical segment (i.e., the critical word) for our analysis is marked in bold.

Nouns

Sentence structure:

[EA] [compound/simplex noun] [=Z] [segment 4] [segment 5,] [FTA/F L] [continuation.]

English translation:

[Because] [compound/simplex noun] [is] [segment 4] [segment 5,] [therefore/so] [continuation.]

Example:

Er/A5/2/—M/2REN/BY, /FN/TFRERR.
Because/hotdog/is/a.kind.of/high-calorie/food,/therefore/not.very.healthy.
“Because hotdog is a kind of high-calorie food, therefore it is not very healthy.”

Verbs
Sentence structure:

[Name] [BE/7F48/1R48] [separable/inseparable verb,] [FiLL/Eltt] [continuation.]

English translation:

[Name] [wants to/doesn't want to/really wants to] [separable/inseparable verb,] [so/therefore] [continuation.]

Example:

INE/ARIB/ER, /PR /MAERART —ZE .
Fan[name]/really.wants.to/rebel,/therefore/he.gathered.an.army.secretly.
“Fan really wants to rebel, therefore he gathered an army secretly.”

counterbalanced list of people’s names. These two lists were adminis-
tered to roughly half of the participants respectively. Another 60 filler
sentences were adapted from another study [53], rendering in total 220
sentences for each participant.

Procedure. The procedure was also generally consistent with [50].
Participants sat ~90 cm in front of the screen. Due to the setup of the
projector in the lab, the screen had to be ~30° tilted from the ground;
the participants’ high performance suggested that the tilted screen did
not affect sentence comprehension. 220 trials were run for each
participant, with a different sentence presented in each trial. Each trial
began with a fixation cross of 1000 ms with a 200 ms blank screen,
followed by presentation of the segments of this sentence in a segment-
by-segment (i.e., RSVP, rapid serial visual presentation) manner, with a
presentation duration for 600 ms for each segment, and a 200 ms in-
terval between segments, for a total of 800 ms stimulus-onset asyn-
chrony (Fig. 1). The segments were presented in white characters
against a black background, in ~ 57pt, Yahei UI font, at the center of the
screen. In ~1/3 of the trials (76 out of 220 trials), the last segment of the

fixation: 1000 ms

sentence (i.e., the continuation) was colored in green and the subjects
were instructed to respond to whether this continuation was congruent
in this sentence, by pressing the left (congruent) or the right button
(incongruent) on a response pad (the responses did not have a time-
limit). In the other ~2/3 of the trials, the last segment was presented
on the screen in white briefly for 1000 ms, and subjects did not need to
respond. The inter-trial intervals were self-paced; subjects pressed any
button when they were ready to start the next trial. Participants were
instructed against reading out aloud prior to the experiment. An
intercom connecting the inside of the magnetically shielded room (MSR)
to the control room was always on during the experiment, which should
capture explicit vocalizations apart from very faint whispers. We did not
hear any explicit vocalizations via the intercom for our participants. The
participants completed a SQUID-MEG session with similar materials
prior to the OPM-MEG visit. Since the two visits were interleaved by on
average 10.5 (range 5-18) days, the SQUID-MEG session would unlikely
affect the OPM-MEG session. Indeed, participants demonstrated ceiling
performance in accuracy for both sessions: SQUID, M = 98.92% (range:

+ 200 ms blank screen

800 ms/segment
(600+200 ms blank)

Fig. 1. Illustration of a trial of our sentence processing study. The English translation of the stimuli presented in Chinese is below the arrow.
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97.37%-100%); OPM, M = 99.52% (range: 98.68%-100%).

2.3. Behavioral data analysis

Behavioral accuracy for each participant was calculated for the trials
with a continuation judgement task, as the proportion of correct
responses.

2.4. OPM setup

The OPM measurements were conducted in a two-layered Ak3b
magnetically shielded room (Vacuumschmelze GmbH & Co. KG, Hanau,
Germany), which had an active shielding to keep the OPMs in the linear
regime as described in [17]. Nine OPM magnetometer sensors (QZFM
generation 2, QuSpin Inc., Louisville, Colorado, USA) were positioned
across the scalp using a modified EEG cap (easycap 21-channel 10-20
cap). The cap had clip in OPM holders attached to the fabric (similar to
the approach in https://quspin.com/experimental-meg-cap/). Such
fabric caps modified for OPM usage have been used for clinical works as
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well [54]. OPMs were placed especially on the left hemisphere, at T8,
F4, Fpz, F3,F7,C3, T7,P7,01 and O2 (Fig. 2). This is because in SQUID-
MEG, N400 is particularly observable in the sensors above the left
hemisphere [36-38]. Because the easycap 21-channel cap doesn’t have
an Fpz location, we created one at the appropriate location between Fp1
and Fp2. Each sensor recorded from two axes (z and y: radial head field
and tangential field). The direction of the y axis was not consistent
across all subjects due to rotational uncertainties, but was constant
within each subject. In the current paper, we only analyze the z axis
(radial direction relative to the head), which is in line with the direction
recorded in most existing SQUID-MEG devices. Although SQUID devices
mainly consist of gradiometers, these gradiometers are designed to be
sensitive to radial magnetic field information. Note that the directions
mentioned here refer to the orientation of the magnetic field sensor in
relation to the head surface: tangential is parallel to the head surface and
radial points into the head. The sensor z axis (the radial axis) captures
most of the signal generated by tangential neural dipoles.

Power spectrum density (PSD) of raw data, for each participant
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Fig. 2. Power spectrum density (PSD) of raw OPM-MEG data for each of the 11 participants. The OPM sensors were attached to an EEG cap, whose layout is
illustrated in the bottom right corner. Consistent with prior OPM-MEG studies, we observed two spectral peaks around 27 Hz (cause yet unknown) and 50 Hz (line
noise) across most participants.


https://quspin.com/experimental-meg-cap/

X. Yuetal
2.5. OPM data analysis

OPM data analyses was conducted with customized code in Python
and MATLAB, with MNE-Python [55] and MEEGKkit [56]. Aligned Rank
Transform ANOVA [57] was administered in R with the ARTool package
[58]. Wilcoxon tests, Bayes Factor analysis and Shapiro-Wilk normality
checks were administered in JASP 0.18.1 [59]; Bayes Factors were
calculated based on the default Cauchy prior. A Bayes Factor (BFyg) of
3-10 indicate moderate evidence for Hy, 1-3 for anecdotal evidence for
Hi, 1/3-1 for anecdotal evidence for Hp, and 1/10-1/3 for moderate
evidence for Hy [60]. The p-values reported are two-tailed and uncor-
rected. The effect size r for Wilcoxon signed-rank tests was quantified by
rank-biserial correlation.

Preprocessing. Upon inspecting the power spectrum (Fig. 2) for
individual participants, there were generally a 50 Hz component as well
as a ~27 Hz component. The 50 Hz component was most likely line
noise. A 20-30 Hz component is generally present in other OPM systems
as well [7,19,61] with a yet-unclear source. Therefore, we applied notch
filters at 50 and 27 Hz (transitional bandwidth = 4 Hz) to remove these
components. Then we tested six different treatments: (1) Data was
passed with a 0.1-40 Hz IIR (infinite impulse response) filter (i.e., high-
pass filter, HPF = 0.1 Hz) only, (2) Data was passed with a 0.1-40 Hz IIR
filter, then an evoked-biased denoising source separation (evoked-
biased DSS), (3) a 1-40 Hz IIR filter only, (4) a 1-40 Hz IIR filter fol-
lowed by evoked-biased DSS, (5) a 4-40 Hz IIR filter only, (6) a 4-40 Hz
IIR filter followed by evoked-biased DSS. The other parameters for the
IIR filters were determined by default algorithms in MNE-Python.

A sketch of the procedure of evoked-biased DSS [33] is as follows
(see Section 2.6 for a more detailed description of the algorithm).
Evoked-biased DSS transforms data from 9 sensors into 9 components,
ranking from more stimulus-evoked-like to more noise-like. By keeping
the first few components and excluding the rest of the components, we
do not risk removing evoked responses much, while attenuating the
effects from movement artifacts. The final epoch size that we wanted to
have is —200:800 ms, time-locked to critical word onset. Each epoch was
baselined based on the —200:0 ms baseline. In order to reduce the in-
fluence of the baseline period in DSS (note: in the current paper, “DSS”
refers to evoked-biased DSS), we ran DSS on longer epochs of
—200:1600 ms [62,63]. Evoked-biased DSS was conducted with all
epochs across the four conditions (epoch data were normalized for each
sensor prior to DSS), resulting in 9 DSS components. We projected the
first two DSS components back to the sensor space to create corrected
epochs for analysis.

ERFs (event-related fields) were computed as the median of the
epochs for each participant and for each condition respectively: sepa-
rable verb, inseparable verb, compound noun, simplex noun, aggregated
verb condition across separable and inseparable verbs, as well as
aggregated noun condition across compound and simplex nouns.
Because the mean is more subject to the influence of outlier data points,
computing mean ERFs would require us to apply an additional outlier
cutoff processing step which would likely result in different numbers of
excluded trials across preprocessing pipelines. Median ERFs are less
sensitive to outliers, therefore computing the ERFs with the median
mitigates the need for applying a cutoff.

Calculation of cross-trial variance for ERFs. As a means of quan-
tifying overall noise level in the results of each pipeline, we computed a
cross-trial variance measure for the ERFs. For each pipeline, for each
participant and at each time point, we first calculated one variance value
across all verb epochs and all noun epochs respectively. This variance
value was calculated in the following way. First, we calculated the
standard deviation at each sensor. Then, we averaged the standard de-
viations across all 9 sensors. After that, for each time point, we averaged
the standard deviations across all participants, for the noun epochs and
verb epochs respectively. This way, for noun epochs and verb epochs
respectively, we derived an 1D array across time, with one averaged
variance value at each time point.
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Calculation of RMS (root mean square). To determine whether the
pipelines adequately captured the typical peaks in the ERF, we used an
RMS measure. We calculated the RMS from ERFs that were first aver-
aged across the verb and noun conditions, then averaged across partic-
ipants. RMS was calculated as the root mean square across all 9 sensors.

Calculation of N400 amplitude. As described below, ERFs
collapsed across conditions indicated a clear N400 peak between
300-400 ms that was maximal at sensor F7. Therefore, we calculated
N400 amplitude for each condition and for each participant at this
sensor as the mean response amplitude across the 300-400 ms time
window upon segment onset.

2.6. The DSS algorithm

Here we provide a more detailed description of the algorithm of
evoked-biased DSS [33], implemented in the dss1() function of MEEGKit
[56].

For each participant, the algorithm worked as follows. The input data
was all epoched trials S with shape: number of time points (T) x number
of sensors (K) x number of trials/epochs (Ny,). A time-shift “baseline”
covariance matrix Cop was derived from S and normalized by total
weight; another “biased” covariance matrix C; was derived from the

average across all epochs ﬁzﬁglsn(t) (i.e., this is the “bias function” of
DSS) and normalized by total weight as well. Eigenvector Eq¢ and ei-
genvalues Ao were derived from a PCA upon Cy:

Eo, Ao = PCA(Co)

For all PCAs, components <1072 were discarded following MEEGkit
defaults, to save computation and avoid numerical problems. Then a
covariance matrix Cy was derived by “biasing” whitened data:

W = diag <Aal/2>

Cy = (EoW)'Cy(EqW)

Then we can obtain T, the matrix to convert S to normalized DSS
components. First, Tyaw Was derived as follows, which involves a PCA on
Cz:

Ez,A; = PCA(Cy)
Traw = EgWE,

Traw Was subsequently normalized to T:

T = Traw/N

The matrix F to convert DSS components back to the sensor space is
then:

F = pinv(T)

T and its pseudoinverse F were then used to project original data S
into the DSS space, then the first x components (in our case x = 2) were
projected back to the sensor space:

Sdenoised = ST 1xF[1:x
3. Results
3.1. Behavioral results
Accuracy. Participants generally achieved ceiling accuracy (range

98.68%-100%) in judging the semantic congruity of sentence continu-
ations. Therefore, all trials were included in the MEG analysis.
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3.2. MEG results

In this section we evaluate the processing pipelines based on several
qualitative and quantitative aspects.

Shape of ERF. In pipelines utilizing a 1 Hz high-pass filter (HPF), we
were able to identify a clear deflection around 400 ms in left centro-
frontal sensors, including F7, T7 and C3 (Fig. 3). The deflection had
the highest amplitude at F7, from which we calculate the amplitude of
N400 responses for further analysis. This deflection was faintly identi-
fiable when using a 0.1 Hz HPF, and was practically invisible when
applying a 4 Hz HPF. The same observation generally holds when
inspecting individual participants’ data (Fig. 4). Notably, the N400
deflection we observed was at the magnitude of hundreds of fT, which is
higher compared to the typical magnitude observed in SQUID-MEG
systems, at the magnitude of tens of fT [35,64], as expected given the
much closer proximity of OPM-MEG sensors to the underlying neural
generators. Additionally, this difference in magnitude may also be
relevant to the fact that, while OPM sensors are magnetometers, SQUIDs
are often designed in a gradiometer configuration.

Cross-trial variance for ERFs. Across the entire epoch, the pipeline
with HPF = 4 Hz, with DSS had the lowest cross-trial variance, which
holds for both verb trials and noun trials (Fig. 5). This was followed by
the pipeline with HPF = 1 Hz, with DSS. The pipeline with HPF = 0.1 Hz
without DSS had the highest variance among the pipelines.

Shape of RMS. Previous MEG sentence or single-word processing
studies tend to observe a ~400 ms peak, along with earlier peak(s)
around ~200 ms in RMS [42,65,66]. The ~200 ms peak(s) likely reflect
visual-orthographic processing [5,67]. The ~400 ms peak or bump was
clearly visible when we employed a 1 Hz HPF, while being faint or
invisible for 0.1 or 4 Hz HPFs (Fig. 6). A peak ~200 ms can only be
clearly visually identified when a 1 Hz HPF is combined with DSS, but
not when only applying a 1 Hz HPF.

N400 effect between verbs and nouns. We started with an
omnibus repeated-measures ANOVA with all factors: 2 (linguistic cate-
gory: noun vs. verb) x 2 (linguistic complexity: simpler vs. more com-
plex) x 3 (HPF: 0.1, 1, 4 Hz) x 2 (DSS: yes, no). As not all condition’s
data passed the Shapiro-Wilk normality test (p < 0.05), we conducted
the non-parametric equivalent (Aligned Rank Transform ANOVA)
instead [57]. Notably, there was a significant interaction effect between
linguistic category and DSS, F(1,230) = 6.49, p = 0.011, suggesting the
application of DSS significantly affects the N400 effect across verbs and
nouns. There was also a significant interaction effect between HPF and
DSS, F(2,230) = 6.00, p = 0.003, suggesting that we cannot simply
average all HPF conditions within a certain DSS condition together.
Furthermore, neither the main effect of linguistic complexity or the
interaction effects involving linguistic complexity was statistically sig-
nificant (p’s > 0.096), suggesting that we can safely average the ERFs of
separable and inseparable verb conditions, and compound and simplex
noun conditions, respectively. The full results are summarized in
Table 2.

Following our goal to test the verb-noun N400 effects for each HPF-
DSS combination, corroborated by the interaction effects observed in the
omnibus ANOVA, we administered planned, uncorrected Wilcoxon
signed-rank tests (two-tailed) across the N400 amplitudes for verbs and
nouns within each HPF-DSS combination. These Wilcoxon signed-rank
tests only revealed a significant and reliable difference (p < 0.05,
BF19 > 3) between the N400 amplitudes of verbs and nouns for the
pipeline with HPF = 1 Hz and DSS, z = —2.05, p = 0.042, effect size r =
—0.70, 95% CI [-0.91,-0.19], BFyo = 4.39 [>3, moderate evidence for
H;] (Fig. 7). This difference was not significantly different for the other
pipelines, although the effects were generally in the same direction.
HPF = 0.1 Hz without DSS: |z| < 0.01, p = 1.00, |effect size r| < 0.01,
95% CI [—0.58,0.58], BF1¢p = 0.32; HPF = 0.1 Hz with DSS: 2 =1.33,p =
0.21, effect size r = 0.46, 95% CI [—0.18,0.82], BF;o = 0.70; HPF =1 Hz
without DSS: z = —1.87, p = 0.067, effect size r = —0.64, 95% CI
[—0.89,-0.08], BFy¢ = 0.86; HPF = 4 Hz without DSS: z = —1.16, p =
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0.28, effect size r = —0.39, 95% CI [—-0.80,0.45], BFo = 0.57; HPF = 4
Hz with DSS: z = —0.53, p = 0.64, effect size r = —0.18, 95% CI
[—0.69,0.45], BF1o = 0.40.

4. Conclusion

In the current paper, by comparing different preprocessing pipelines
for OPM-MEG data, we demonstrated that combining a moderate high-
pass filter (HPF) of 1 Hz with evoked-biased DSS preserves the N400
deflection and allowed us to successfully replicate prior observations of
an N400 difference between nouns and verbs. Moreover, this pipeline
revealed canonical RMS peaks, and had a relatively low cross-trial
variance among the pipelines. This pipeline thus unleashes the poten-
tial of OPM-MEG to study ERFs against low-frequency artifacts, espe-
cially for OPM-MEG setups with fewer sensors, where methods like ICA
would be inapplicable. This can allow a beneficial ‘convergent methods’
approach for labs to obtain high-quality MEG data in closer proximity to
the neural generators than traditional systems, even in the face of cur-
rent constraints on the number of OPM sensors.

5. Future directions
5.1. On applying higher high-pass filters

Although a 4 Hz HPF largely destroyed the N400 deflection and
N400 effects in our study, such higher HPFs may still be applicable in
studying some other ERFs. For example, the auditory evoked responses
of M100, which is a peak ~100 ms upon auditory stimuli onset,
appeared to survive such higher HPFs in previous studies [18]. Notably,
in [18], auditory pure tones were presented at a duration of 500 ms, with
intervals of 1200 ms between the tones. Thus, the stimuli presentation
would form regularities below the 4 Hz HPF. Nevertheless, M100 was
observed in that study. This is not surprising since M100 is a transient
response that only lasted for ~50 ms, compared to our N400 deflections,
which appeared to extend for ~300 ms.

In all, a high HPF may still be applicable depending on the compo-
nent of interest, albeit with care. For ERPs or ERFs, deflections closer to
the stimulus onset (the time point that epochs are time-locked to) tend to
be narrower, corresponding to higher frequencies; while deflections
later from the stimulus onset tend to be wider and sustained, corre-
sponding to lower frequencies. Thus, a certain HPF may be admissible if
the interest is on earlier components such as M100, but not for later ones
such as N400 or P300 [24]. An often overlooked benefit of high pass
filtering is a more stable PCA result since the high pass removes the high
power low frequency noise typical for a 1/f noise behavior.

5.2. Other pipelines

Beyond our current pipeline, some other pipelines may also achieve
satisfactory performances, and future studies could work on comparing
across these pipelines. In our current case, we worked with a setup with
a very limited number of sensors and a lack of geometrical information
(e.g., the sensors’ locations and anatomical information), which is rather
plausible in experimental or clinical settings. In this type of scenario,
DSS appears to be one of the only available preprocessing options. While
ICA is widely used in SQUID-MEG data preprocessing in rejecting for
example ocular and cardiac artifacts [55], it falls short in rejecting
motion-related artifacts as these components are temporally non-
stationary (see Introduction). ICA as such is a blind method based on
the assumption that the number of independent sources (artifacts and
brain signals) equals the number of measured data channels. This is
violated in practice quite often, but the severity is higher for a low
number of sensors. DSS in contrast is semi-blind [33,68] since the trial
structure is used to improve the signal-to-noise ratio. Our work dem-
onstrates that the inclusion of the known trial structure improves the
detectability of physiological effects. Evoked-biased DSS (which
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Fig. 3. Grand average ERFs across all participants (blue line: verb; orange line: noun). ERF: event-related field.
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Fig. 4. Median ERFs for noun and verb epochs in one participant (blue line: verb; orange line: noun). ERF: event-related field. The figures for every individual
participant are shared openly on OSF.
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to clearly visually identify peaks around 200 ms and 400 ms. ERF: event-related field; HPF: high-pass filter; DSS: denoising source separation.

involves PCA in its procedure) is also favorable over a simple PCA
pipeline, as PCA components are ordered by power instead of cross-trial
reproducibility, therefore raising a challenge in choosing the right
principal components (see [33]). Of note, HFC (homogeneous field
correction) may be a promising method for this purpose [69]. We did not
perform HFC for our current data because it requires the sensor orien-
tation angles, which we did not record in this study. Future studies could
compare across our current pipeline and HFC for the metrics that we
used in the current work, or even combine them together.

Another opportunity of future research lies in exploring the usage of
evoked-biased DSS in the source space. For our current setup, source
space analysis cannot be conducted due to a very limited number of

sensors and a lack of geometrical information. Future studies could
explore whether DSS could improve data quality in the source space,
complementary to source-localization methods such as beamforming
[70], MNE (minimum-norm estimate) [71,72] and dSPM (dynamic
statistical parametric mapping) [73]. Future studies could also investi-
gate the extent to which our current method and other methods are
robust against different magnetic shielding conditions [74,75], which
may correspond to different landscapes of noise. The shielding used in
this study [17] represents the majority of the roughly 200 magnetically
shielded rooms used for MEG worldwide. The only addition in our setup
is the active shielding (see Section 2.4), which is not necessary anymore
if a closed-loop OPM system is available.
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Table 2

Results of the omnibus Aligned Rank Transform ANOVA: 2 (linguistic category:
noun vs. verb) x 2 (linguistic complexity: simpler vs. more complex) x 3 (HPF:
0.1, 1, 4 Hz) x 2 (DSS: yes, no). p-values <0.05 are marked in bold.

F-value p-value
linguistic category 3.47 0.064
linguistic complexity 0.76 0.38
HPF 16.61 <0.001
DSs 18.39 <0.001
linguistic category x linguistic complexity 0.11 0.75
linguistic category x HPF 2.84 0.061
linguistic complexity x HPF 0.48 0.62
linguistic category x DSS 6.49 0.011
linguistic complexity x DSS 2.78 0.097
HPF x DSS 6.00 0.003
linguistic category x linguistic complexity x HPF 0.05 0.96
linguistic category x linguistic complexity x DSS 0.05 0.83
linguistic category x HPF x DSS 1.88 0.15
linguistic complexity x HPF x DSS 1.85 0.16
linguistic category x linguistic complexity x HPF x DSS 0.41 0.67
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Fig. 7. Comparison of N400 response (300-400 ms) amplitude at sensor F7
across verbs and nouns. Only when an HPF (high-pass filter) of 1 Hz was
combined with DSS, were we able to observe a significant difference across
verbs and nouns. Error bars stand for standard error. *: p < 0.05. HPF: high-pass
filter; DSS: denoising source separation.

It is also important to note that, as some participants may involun-
tarily whisper as they read despite explicit instructions against speech
production, evoked-biased DSS may not be able to disentangle time-
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locked neural responses and time-locked speech production motor re-
sponses. As whispering likely only happen for a small proportion of trials
if it does happen for a certain participant, we would not expect speech-
related motor responses to be picked up by the top one or two compo-
nents, as evoked-biased DSS was designed to pick out signals that are
reproducible across trials. Nevertheless, experimentally quantifying this
would be an interesting direction for future exploration.

5.3. Exploring OPM-MEG recording with a limited number of sensors

In the current study, we demonstrated a pipeline that accommodates
OPM-MEG systems with a limited number of sensors (in our case, nine
sensors), and obtained meaningful ERF responses in a sentence pro-
cessing study. In practice, the number of sensors may not only be con-
strained by financial costs, but also by preparation time. For example,
attaching more OPM sensors to the cap increases setup time, which may
be a limiting factor in certain clinical contexts where shorter preparation
times are preferred. Notably, previous research has shown that as few as
four dual-axis OPM sensors can be sufficient for a brain-computer
interface for motor imagery decoding [76]. This, along with our find-
ings, suggests that even with a reduced sensor count, OPM-MEG can still
yield meaningful results. Taken together, our study marks one of the
initial steps in validating OPM-MEG systems with fewer sensors, paving
the way for more cost-effective solutions which would enable wider
clinical usage of OPM-MEG.
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