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Abstract
Magnetoencephalography (MEG) and electroencephalography (EEG) use non-invasive sensors to detect neural currents. 
Since the contribution of superficial neural sources to the measured M/EEG signals are orders-of-magnitude stronger than 
the contribution of subcortical sources, most MEG and EEG studies have focused on cortical activity. Subcortical structures, 
however, are centrally involved in both healthy brain function as well as in many neurological disorders such as Alzheimer’s 
disease and Parkinson’s disease. In this paper, we present a method that can separate and suppress the cortical signals while 
preserving the subcortical contributions to the M/EEG data. The resulting signal subspace of the data mainly originates 
from subcortical structures. Our method works by utilizing short-baseline planar gradiometers with short-sighted sensitivity 
distributions as reference sensors for cortical activity. Since the method is completely data-driven, forward and inverse mod-
eling are not required. In this study, we use simulations and auditory steady state response experiments in a human subject to 
demonstrate that the method can remove the cortical signals while sparing the subcortical signals. We also test our method 
on MEG data recorded in an essential tremor patient with a deep brain stimulation implant and show how it can be used to 
reduce the DBS artifact in the MEG data by ~ 99.9% without affecting low frequency brain rhythms.

Keywords  Magnetoencephalography · Electroencephalography · Signal processing · Subcortical imaging · Spatial 
filtering · Temporal subspace projection

Introduction

Deep brain structures are involved in healthy brain function 
and play critical roles in several neurological disorders such 
as Alzheimer’s disease (hippocampal complex) and Parkin-
son’s disease (basal ganglia) (Obeso et al. 2008; Wanderah 
and Gould 2016). Functional imaging methods like blood 
oxygenation level dependent functional MRI (BOLD fMRI) 
map brain activity in all parts of the brain with good spatial 

resolution but their temporal resolution is on the order of 
seconds as they image neuronal activity indirectly via slow 
hemodynamic changes (Kwong et al. 1992; Ogawa et al. 
1990). In comparison, magnetoencephalography (MEG) 
and electroencephalography (EEG) observe neuronal activity 
directly with an excellent millisecond-scale temporal resolu-
tion (Hämäläinen et al. 1993). Currently, M/EEG are mainly 
used to estimate distributions of current sources in the cere-
bral cortex. One reason for this limitation is that M/EEG sen-
sors are located on or outside the head; the sensors being in 
close proximity to cortical neural signal sources but far away 
from subcortical sources. M/EEG signals from subcortical 
structures are therefore typically 1–2 orders of magnitude 
weaker than those coming from the cerebral cortex (Attal and 
Schwartz 2013). The signals from superficially located corti-
cal sources are particularly prominent in MEG short-baseline 
planar gradiometers which detect magnetic field gradients 
and are less sensitive to deeper subcortical brain sources. 
In contrast, magnetometers and EEG electrodes have more 
extended sensitivity distributions (Goldenholz et al. 2009; 
Hunold et al. 2016) and would be able to detect activity 
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originating in deep structures with a higher signal-to-noise 
ratio (SNR) in the absence of superficial sources (Ahlfors 
et al. 2010). In this paper we present a method, Cortical Sig-
nal Suppression (CSS), that uses the differences in sensitiv-
ity distribution between magnetometers and gradiometers to 
separate cortical from subcortical activity without forward 
modeling or source reconstruction. Our method then sup-
presses cortical contributions to the M/EEG data, revealing 
activity from subcortical sources. A GitHub repository with 
the CSS algorithm and code to generate all figures based 
on simulated data can be found in the following URL: https​
://githu​b.com/johns​am7/Corti​cal-Signa​l-Suppr​essio​n-CSS.

To validate the efficacy and usefulness of our method, we 
tested it using simulations, auditory steady state responses 
(ASSR), and resting-state data collected from an essential 
tremor (ET) patient with a deep brain stimulation (DBS) 
implant turned on and off.

Methods

The amplitude of the magnetic field from a primary cur-
rent dipole source is inversely proportional to the distance 
squared while the gradient of the magnetic field is inversely 
proportional to the distance cubed as per Ampère–Laplace’s 
law (Griffiths 2005):

where �0 is the magnetic permeability in vacuum, J 
is the current density, r is the position of the measure-
ment point, r′ is the position of the field-generating current 
and R = r − r� is the vector from the current source to the 
measurement point. This spatial dependency makes the 
sensitivity of short-baseline planar gradiometers, which 
record the gradient of the magnetic field, fall off more 

B(r) =
�0

4� ∫
J(r′) × R

|R|3
dv�

quickly with distance than that of magnetometers (Vrba 
et al. 1982). The Elekta Vectorview MEG system has 102 
sensor triplets consisting of one magnetometer and two 
orthogonal planar gradiometers placed around the head. 
In this setup, the array of gradiometers is mostly sensitive 
to cortical sources closest to the sensors while magnetom-
eters are sensitive to distant sources as well. Axial gradi-
ometers used in many MEG systems have two oppositely 
wound pick-up coils placed in the direction normal to the 
head surface and is therefore sensitive to the magnetic field 
gradient in the normal direction. A cortex-covering array 
of these axial gradiometers has a more extended sensitivity 
distribution than short-baseline planar gradiometers but 
less extended than magnetometers (Knuutila et al. 1993). 
Sensitivity distributions of magnetometers, planar gradi-
ometers and EEG are shown in Fig. 1. EEG electrodes 
are more sensitive to deep sources than magnetometers 
because the magnetic field is attenuated due to the spheri-
cal symmetry of the head as the source gets closer to the 
center (Malmivuo et al. 1997). In this work, we used the 
gradiometers as reference sensors for cortical activity and 
investigated how the differences in sensitivity distribution 
between gradiometers and magnetometers/EEG electrodes 
could be used to suppress the cortical contribution to the 
magnetometers/EEG signal.

Below, we first describe our CSS method. We then 
explain the simulations used to validate and assess the effi-
ciency of the method followed by the experimental setup 
of ASSR experiments. Finally, we describe the experimen-
tal setup for recording MEG data from an ET patient with 
the DBS on and off.

CSS Method Theory

Let M denote the nm × nt magnetometer data matrix and G 
denote the ng × nt gradiometer data matrix, where nt is the 

Fig. 1   Sensitivity distributions 
of MEG and EEG. The figure 
shows the Euclidean norm of 
the MEG and EEG sensor array 
outputs from unit dipoles placed 
orthogonally to the surface of 
the left cerebral hemisphere. 
The values in each column of 
the figure were separately nor-
malized so that the maximum 
value over the cortex equals 
one. The brain surfaces have 
been partly inflated for illustra-
tive purposes

https://github.com/johnsam7/Cortical-Signal-Suppression-CSS
https://github.com/johnsam7/Cortical-Signal-Suppression-CSS
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number of time points, nm the number of magnetometer chan-
nels, and ng the number of gradiometer channels. There are 
usually many more time points than measurement channels, 
i.e., the data matrices are wide ( nt ≫ ng, nm ). Let Mc denote 
the cortical signal in the magnetometers, Md denote the sub-
cortical signal in the magnetometers, and Gc denote the corti-
cal signal in the gradiometers. Finally, let MN and GN be the 
additive noise in the magnetometers and gradiometers, respec-
tively. Note that because Mc and Gc represent the unknown 
cortical signals in the magnetometer and gradiometer sensor 
space, respectively, they will not be the same. As discussed by 
Ahonen et al. (1993), M and G are linearly related:

where A is a constant matrix of size nm × ng . Because 
nt > ng , we can find an estimate of A via a least squares fit:

where GT denotes the transpose of G . Because the mag-
netometers can detect both the subcortical and the cortical 
signal, while the gradiometers mostly detect the cortical 
signal, we have,

Rearranging Eq. (3) we get,

If SNR is much greater than one, then Mc ≫ MN and 
Gc ≫ GN . One can also assume that the cortical signal is much 
greater than the subcortical signal, so that Mc ≫ Md , and it 
follows then from Eqs. (3) and (4) that

and

Using Eqs. (6) and (7) in Eq. (1), we get,

Using Eqs. (7) and (8), Eq. (5) can be written as

We can now estimate the subcortical signal Ŝd in the sen-
sor space from Eq. (9) using the approximation of A from 
Eq. (2) as

In Eq. (11), we remove the common temporal subspace 
between the gradiometers and magnetometers from the 

(1)M ≈ AG,

(2)Â = MGT
(
GGT

)−1
,

(3)M = Md +Mc +MN ,

(4)G ≈ Gc + GN .

(5)Md = M −Mc −MN .

(6)M ≈ Mc

(7)G ≈ Gc.

(8)Mc ≈ AGc.

(9)Md ≈ M − AG.

(10)Ŝd = Md ≈ M −MGT
(
GGT

)−1
G

(11)Ŝd = M
(
I − GT

(
GGT

)−1
G
)
.

magnetometer data, thus suppressing the cortical contribu-
tion to the magnetometer measurements. However, subcorti-
cal signals are also present in the gradiometer data, albeit 
of small amplitude. This approach, therefore, risks heavy 
dampening of the subcortical signal as well. To avoid this 
dampening effect, we have developed an alternate method in 
which the dimension of the common subspace to be removed 
is selectable. Instead of projecting away the entire subspace 
spanned by the gradiometer data, we only remove a subset of 
dimensionality r . The subset of the magnetometer data that 
has the smallest subspace angle (i.e., highest correlation) 
with the gradiometer data is the subset that is removed. We 
remove this subset by finding the weighted sums of gradiom-
eter channels that are most correlated with the magnetom-
eter data. The r vectors with the highest correlation are then 
projected out from the magnetometer data. These r vectors 
will be referred to as “projection vectors” and following is a 
detailed derivation of this method, which is the method we 
call Cortical Signal Suppression, abbreviated CSS. Figure 2 
shows the pseudocode of CSS.

Let Ur = BrĜ be the r × nt matrix where the rows are the 
projection vectors to be removed from the magnetometer 
data and Br be a r × ng truncated basis change transformation 
matrix, where each row represents a weighted average of the 
orthonormalized gradiometer data Ĝ . We are looking for 
linear transformation matrices B,F for the orthonormalized 
gradiometer data Ĝ and magnetometer data M̂ , respectively, 
that maximize the correlation between the two data sets. 
The first row in B

(
B1,∶

)
 contains the weights of gradiometer 

Fig. 2   Pseudocode for CSS. G are the gradiometer data and M are the 
magnetometer data. The span operator orthonormalizes the rows of 
the data matrices G and M , and transforms them into Ĝ and M̂ where 
each row is normalized and orthogonal to each other. Cgm is the cross-
correlation matrix between the orthonormalized gradiometer and 
magnetometer data. The columns of Y  and Z are the left- and right-
singular vectors of Cgm , respectively, and S the matrix containing the 
singular values. U are the gradiometer data represented in a new basis 
and Ur are the first r rows of U . Ŝd is the estimate of subcortical sen-
sor space signal based on the magnetometer data. See Fig.  9 in the 
Appendix for a graphic illustration of CSS
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channels that give the highest correlation with the weighted 
sum of magnetometer channels F1,∶M̂:

The second rows in B and F , i.e., B2,∶ and F2,∶, are the 
weighted sums of gradiometers and magnetometers, respec-
tively, that give the highest correlation while being orthogo-
nal to the first row:

For the k:th row, the expression becomes

where C = ĜM̂T is the cross-correlation matrix between 
the gradiometer and magnetometer data. Note that C here 
is not a symmetric matrix. If we now consider the singular 
value decomposition (SVD) of C = RSPT , we have that

since R and P are both unitary matrices, so that RTR = I 
and PTP = I . The columns of R and P are the left- and right-
sided singular vectors of C , respectively. The SVD chooses 
the columns of R and P so that the diagonal elements in S 
are arranged in a descending order while keeping the col-
umns orthogonal. By comparison to Eq. (12), we see that 
R = BT and P = FT , so that the left and right singular vec-
tors of C are exactly the weighted sums of gradiometer and 
magnetometer channels, respectively, that optimize the cor-
relation, given by the singular values 

{
si
}
i
= diag(S) . Thus 

the projection vectors Ur = BrĜ can be found by a standard 
principal angle procedure (Jordan 1875) where we first cor-
relate the orthonormalized magnetometer data M̂ with the 
orthonormalized gradiometer data Ĝ:

The cross-correlation matrix Cgm is then factorized using 
a singular value decomposition,

and U is finally found by going back to temporal space 
using the weighted average of the gradiometer data Ĝ given 
by the columns of Y;

(
B1,∶, F1,∶

)
= argmax

(X,Y)

(
XĜ

(
YM̂

)T)
.

(
B2,∶ , F2,∶

)
= argmax

(X,Y)

(
XĜ

(
YM̂

)T)
, s.t. X⊥B1,∶ and Y⊥F1,∶.

(12)

(
Bk,∶,Fk,∶

)
= argmax

(X,Y)

(
XĜ

(
YM̂

)T)
, s.t. X⊥

{
Bi,∶

}
i=1,…,k−1

and Y⊥
{
Fi,∶

}
i=1,…,k−1

= argmax
(X,Y)

(
XCYT

)
, s.t. X⊥

{
Bi,∶

}
i=1,…,k−1

and Y⊥
{
Fi,∶

}
i=1,…,k−1

S = RTCP,

Cgm = ĜM̂T .

Cgm = YSZT ,

U = YTĜ.

The singular values are the correlations between the nor-
malized magnetometer data M̂ and gradiometer data Ĝ . The 
principal angles are the cosines of the singular values. Matri-
ces Y and Z are the linear basis transformation matrices, or 
weighted averages, for the gradiometer and magnetometer 
data, respectively. The top r rows in U span the subspace of 
the gradiometer data that has the highest correlation with 
the magnetometer data. These r vectors are the projection 
vectors that we will remove from the magnetometer or EEG 
data instead of the whole gradiometer space G as in Eq. (11);

because UrU
T
r
= I . Our hypothesis is that the cortical sig-

nal lies in the common signal subspace spanned by the most 
correlated gradiometer and magnetometer signals. Thus the 
cortical signal can be suppressed by removing this part of 
the signal subspace. The subcortical signal should be largely 
unaffected by this operation since it is mainly restricted to 
the magnetometers or EEG, thus resulting in a selective sup-
pression of the cortical signal. A benefit with this approach 
is that the dimensionality of the common temporal subspace 
to be removed r can be tuned for optimal cortical signal 
suppression and minimal dampening of subcortical signal 
in different scenarios. This method works best in realistic 
SNR situations. The pseudocode for our CSS algorithm is 
shown in Fig. 2.

In cases when SNR is very low, which is often the case in 
M/EEG experiments, the noise dominates the data to such an 
extent that the cortical and subcortical signals are overshad-
owed by noise and get smeared over the common subspace 
vector elements, resulting in poor performance with CSS. 
This problem can be addressed by finding the projection 
vectors Ur based on the epoch-averaged data, and then apply-
ing the filter to each epoch individually. That way, the SNR 
can be increased to an acceptable level before finding the 
principal vectors and the cortical signals.

Simulations

We performed simulations using the MNE-Python software 
package (Gramfort et al. 2013). The purpose of the simula-
tions was to demonstrate how the algorithm works under 
ideal conditions with high SNR, performance during low 
SNR and how performance varied depending on activated 
brain areas. We used the “sample” subject provided with the 

(13)Ŝd = M
(
I − UT

r

(
UrU

T
r

)−1
Ur

)
= M

(
I − UT

r
Ur

)
,
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MNE software for simulations. The simulated MEG signals 
were assumed to be measured with a 306-channel Vector-
view system positioned at the location given by the sample 
data set. A three-compartment piecewise homogenous con-
ductor model of the head and the boundary-element method 
(BEM) were used for forward calculations (Mosher et al. 
1999). A surface source-space of the cerebral hemispheres 
with restricted dipole orientations were used to simulate 
neuronal activity in different brain areas. The added noise 
was white multivariate Gaussian with spatial structure taken 
from real sample data covariance.

Auditory Steady‑State Responses (ASSR)

Rationale

When an amplitude-modulated (AM) tone with AM-fre-
quency fAM is presented to a human subject, the evoked 
neural response is phase-locked to the modulation wave 
form. The amount of neuronal synchronization varies with 
modulation frequency and peaks at fAM = 40Hz (Hari et al. 
1989). The signal strength decays rapidly as the modulation 
frequency fAM is increased for fAM > 80Hz and plateaus for 
fAM > 150Hz . The phase-locked signals at fAM > 150Hz 
arise from subcortical structures in the brainstem, whereas 
the strong 40-Hz response is dominated by signals coming 
from the auditory cortex (Kuwada et al. 2002). The brain-
stem structures in the auditory pathway that generate audi-
tory brainstem responses (ABR) are the cochlear nuclei, 
superior olivary complex, inferior colliculi and the medial 
geniculate nuclei of the thalamus (Coffey et al. 2016; Wan-
derah and Gould 2016). As noted by Kuwada et al. (2002) 
in their investigation of the amplitude-modulation following 
response in rabbits using invasive recordings, the modula-
tion transfer function along the auditory pathway can be 
modeled as a low-pass filter where the cutoff-frequency 
gets lower ascending the pathway. Utilizing this prior infor-
mation, we can frequency tag the cortical and subcortical 
(brainstem) signals using different modulation frequencies. 
Thus, using a combined amplitude modulation of f1 = 40Hz 
and f2 = 223Hz , we can elicit frequency-tagged activity 
in the cortex ( f1 = 40Hz ) and in a subcortical structure 
( f2 = 223Hz ) simultaneously. This approach allows us to 
benchmark our method with real neurophysiology data in the 
sensor space without having to resort to source estimation.

Procedure

MEG and MRI research data were collected after informed 
consent from a healthy 27-year old male under a protocol 
approved by the Massachusetts General Hospital Institu-
tional Review Board. The subject had no medical history of 
hearing loss. Evoked ASSR were recorded in two different 

study sessions, the first using only MEG (1200 epochs) and 
the second using simultaneous MEG-EEG (1653 epochs). 
The MEG system was an Elekta-Neuromag VectorView 
(Elekta, Stockholm, Sweden) with 306 channels; 102 triplets 
of one magnetometer and two orthogonal planar gradiome-
ters. The EEG was recorded with the EEG system integrated 
with the VectorView machine using a 58-channel MEG-
compatible EEG cap (EasyCap GmbH, Germany). The 
experiment was performed in a quiet, magnetically shielded 
room (IMEDCO, Switzerland). The recording bandpass fil-
ter was 0.1–1650 Hz and the data were digitized at 5000 Hz.

Stimuli

Tones presented to the subject had a carrier frequency of 
1000 Hz and were amplitude modulated to a depth of 90% 
by a superposition of 40 Hz and 223 Hz sinusoids:

where f0 = 1000Hz , f1 = 40Hz , f2 = 223Hz , and 
� = 0.9 . The stimulus duration was 1 s with a random inter-
stimulus interval (ISI) evenly distributed between 0.5 and 
1.25 s to avoid habituation. The sound stimulus was created 
in MATLAB 2010b (Mathworks, Natick (MA), US) on a 
MacBook computer (Apple Inc., Cupertino (CA), US) con-
nected to a speaker system (Unides ADU1b, Helsinki, Fin-
land). The speaker system was placed outside the shielded 
room and connected via 3.25 m long plastic tubes to foam 
earpieces placed in the subject’s ears. The sound card sample 
rate for the stimulus was 22,050 Hz and the audio bit depth 
was 16 bit. The loudness was adjusted to a level that was 
perceived as comfortable yet clearly audible to the subject. 
Although the AM waveform in the digital stimulus only 
had spectral components at f = 40Hz and f = 223Hz , the 
acoustic signal at the output of the earpieces had a more 
complex range of modes introduced by mechanical distor-
tions in the tubephones (Fig. 8 in the Appendix). Because 
the neural response is phase-locked to the acoustic signal 
that reaches the cochlea, these acoustic modes represented 
in Fig. 8 were also present in the spectra of the MEG and 
EEG ASSR signals. This topic is discussed further in the 
Appendix.

Analysis

To avoid attenuation of signals from subcortical structures, 
we did not apply signal-space projection (SSP) to the data 
(Uusitalo and Ilmoniemi 1997). Although some previous 
studies that have reported auditory brainstem responses 
(ABR) with MEG did apply SSP, e.g., Parkkonen et al. 
(2009), we did not do so because it resulted in a net loss 
of SNR in the raw data as quantified by z-score of phase 
locking value (PLV) between magnetometer channels and 

y(t) =
(
0.1 + �[sin

(
2�f1t

)
+ sin

(
2�f2t

)
]∕2

)
sin

(
2�f0t

)
,
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over duration of ASSR at 223 Hz. This is most likely due to 
the very low amount of environmental noise in our shielded 
room. Whether SSP should be applied when studying deep 
brain structures and how many projection vectors to use 
must be determined on a case-by-case basis as this depends 
on the amount of environmental noise and the amplitude of 
the elicited neural response. We analyzed both the spectral 
peaks in the response and PLV as a function of frequency 
(Lachaux et al. 1999). The PLV was calculated through a 
complex principal component analysis (cPCA) as the first 
eigenvalue of the normalized cross-spectral density matrix 
corresponding to each frequency bin separately, according 
to the procedure presented in Bharadwaj and Shinn-Cun-
ningham (2014). The phases of the entries in the complex-
valued first eigenvector are then the optimal phase shifts to 
each channel.

Deep Brain Stimulation

Rationale

In deep brain stimulation (DBS), the stimulating electrode 
in the target brain structure is usually connected to control 
electronics placed near the patient’s clavicle via subdermal 
leads in the head and neck regions (Fitzpatrick et al. 2005). 
The currents in these leads produce an artifact that is sev-
eral orders of magnitude higher than neurophysiological 
signals, thus contaminating M/EEG measurements (Allen 
et al. 2010). Because the leads are under the skin, the artifact 
source is close to the M/EEG sensors; in fact, it is closer to 
some of the sensors than the cerebral cortex is. Since CSS 
removes signals that emerge from superficial sources close 
to the sensors, we hypothesized that our method could be 
used to suppress DBS artifacts as well.

Procedure

Institutional Review Board approval was obtained for MEG 
studies in ET patients with implanted DBS. Written consent 
was obtained from the patient prior to the study. One ET 
patient (58-year-old male) was recruited for our study. The 
patient had DBS electrodes (Medtronic, Minneapolis, USA, 
Model 3387) stereotactically placed on the patient’s left side 
in the posterior part of the ventrolateral thalamus (VLp), 
also known as the ventral intermediate nucleus (Vim). The 
implanted DBS electrode was 1.27 mm in diameter and had 
a 10.5 mm extent with four electrodes (1.5 mm inter-elec-
trode spacing) at the distal end while the proximal end was 
fitted into a four-conductor connector that was connected to 
the neurostimulator (Medtronic, Minneapolis, USA) located 
subcutaneously in the subclavicular region.

MEG data were acquired inside a magnetically shielded 
room using an Elekta Neuromag VectorView system 

composed of 306 sensors arranged in 102 triplets of two 
orthogonal planar gradiometers (204 total) and one mag-
netometer (102 total). The signals were band-passed filtered 
between 0.1 and 330 Hz and sampled at 1000 Hz.

Two 6-min long resting-state recordings were used in this 
study. For the first recording, the subject was instructed to 
stay still and relaxed with his eyes open, and the DBS stimu-
lator was on at standard clinical settings. For the second 
recording, the subject was instructed to turn off the neuro-
stimulator and once again remain still with his eyes open.

Results

Simulations

High SNR

To test the efficacy of the method under ideal conditions, 
one cortical patch around the central sulcus and one sub-
cortical patch in the para-hippocampal area were activated 
with uniform distributions of dipoles oriented normal to the 
patch surfaces. The amplitude of the dipoles in the cortical 
and subcortical patches varied sinusoidally at 40 Hz and 
223 Hz, respectively, with an SNR of 120 dB. The synthetic 
data were processed with CSS, using one projection vector 
( r = 1 ). To examine the effect of processing on the subcor-
tical and cortical signals separately, the raw and processed 
data were divided into cortical and subcortical components 
by using a low-pass and high-pass 5th order Butterworth 
filter, respectively, with cutoff frequency �c = 100Hz. The 
results of these simulations are displayed in Fig. 3 which 
shows the time signal and spectral density of channel 
MEG1631 located in the left-superior-posterior quadrant 
of the helmet, a few centimeters behind the left ear. CSS 
almost completely removed (~ 99%) the cortical component 
of the signal while preserving the subcortical signal without 
introducing any phase distortion.

Low SNR

Simulation results for SNR = 0.5 dB are shown in Fig. 4. 
Unlike for higher SNR, when the signal was dominated 
by only two orthogonal signals (in L2-inner product space 
meaning), the spectral characteristics of the signal are more 
complicated because of the noise. This noise contamination 
makes it less likely for the correlation between gradiom-
eters and magnetometers to lock onto the cortical signal, 
and the cortical and subcortical signals smear out over the 
common temporal subspace vectors U as a result, making 
an adequate selection of the number of projection vectors 
r critical. This is illustrated in Fig. 4, which shows how the 
cortical signal power ( Pcort ) and subcortical signal power 
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( Psubcort ) are distributed over the common subspace elements 
(Fig. 4a). Figure 4b shows how the absolute- and relative 
SNR, defined as

SNRabs = Psubcort∕Ptot,

SNRrel = Psubcort∕Pcort,

 change as a function of the number of projection vectors r . 
The cortical component is mainly in the first common sub-
space element that represents the highest correlation 
between the gradiometers and magnetometers. The subcorti-
cal component is more complex and appears in the common 
subspace vector elements 5–20, as ranked by correlation. 
According to these data, one should expect the optimal 

Fig. 3   High SNR simulations (SNR = 120 dB) of one activated corti-
cal patch around the central sulcus (f = 40  Hz) and one subcortical 
patch in the para-hippocampal area (f = 223 Hz) processed with CSS. 

Raw and processed time signals of subcortical and cortical signals 
with r = 1 and their spectral density

Fig. 4   Low SNR simulations (SNR = 0.5 dB) of one cortical neural 
patch around the central sulcus ( f = 40 Hz) and one subcortical patch 
in the parahippocampal area (f = 223 Hz). a Normalized cortical and 
subcortical SNR and correlation between the gradiometers and mag-

netometers for different common subspace vector elements Ui,∶ . b 
Absolute and relative SNR change caused by processing of data with 
CSS as a function of number of projection vectors ( r ) (top and bot-
tom, respectively)
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subcortical SNR increase to be in the range of r ∼ 1 − 7 . 
Figure 4b shows that the peak in absolute SNR change (
SNRabs proc

SNRabs raw.

)
 is indeed at r = 6  and relative SNR change (

SNRrel proc

SNRrel raw

)
 at r = 7.

To test how the algorithm performed as a function of 
location of the subcortical signal generator, simulated cur-
rent dipoles were placed at each vertex of the cerebral hemi-
spheres with fixed orientations and 10 nAm amplitude, vary-
ing sinusoidally at 40 Hz with an SNR of 0.5 dB. One of 
the dipoles, representing “subcortical” activity, then had its 
waveform changed to an amplitude of 100 nAm varying at 
223 Hz and the MEG signal was simulated for this current 
configuration and processed with CSS using six projection 
vectors ( r = 6 ), as was previously shown to be an appropri-
ate number as a rule of thumb. This process was repeated for 
each dipole, so that each dipole had its waveform changed to 
223 Hz in one simulation. The relative SNR change was then 
plotted at the location of the 223 Hz dipole representing the 
“subcortical” source and the results are shown in Fig. 5. As 
expected, the relative SNR change was lowest in the cortical 
regions and highest in the deep sulci and subcortical regions, 
reaching as high as 60 in the area around the thalamus.

ASSR Experiments

ASSR data were processed with CSS. The MEG magnetom-
eter data were processed according to the CSS pseudocode 
in Fig. 2, where the epoch average was used as input gra-
diometer data G and input magnetometer data M to create 
the projection vectors Ur . Each epoch of magnetometer data 
was then processed individually by Ur . The same projection 
vectors Ur were then also used to process the EEG epochs; 
the filter was thus constructed using the averages of MEG 
magnetometers and gradiometers and then applied to each 
epoch of EEG and magnetometer data individually. All steps 
in the processing of EEG data were thus the same as when 
processing the magnetometer data, up to the last projection 
step, as outlined in Fig. 2, where the magnetometer data 
were exchanged for the EEG data, so that Ŝd = E(I − UT

r
Ur) , 

where E is the EEG data matrix. The magnetometer data 
were filtered with three projection vectors ( r = 3 ) and EEG 

data with six projection vectors ( r = 6 ). To estimate the reli-
ability of the performance of CSS, bootstrapping was done 
in 200 trials where 1000 epochs were randomly selected 
with replacement from the available 1653 epochs of EEG 
data and 2000 epochs were randomly selected with replace-
ment from the available 2853 epochs of MEG data. These 
epochs were filtered with CSS and PLV across MEG mag-
netometers and EEG electrodes were calculated over the 
duration of each stimuli for each frequency separately. We 
refer the reader to the Appendix for an explanation of PLV. 
The results are shown in Fig. 6, which displays the bootstrap 
distribution of the calculated PLV as a function of frequency 
for raw and processed magnetometer and EEG data.

Significant peaks in PLV can be seen for frequen-
cies f = 40, 223, 263Hz in the EEG data and for 
f = 40, 63, 80, 103, 140, 183, 223, 263Hz in the MEG 
magnetometer data. The strongest time-locked response in 
both data sets was at f = 40Hz , which represents the corti-
cal signal. Another prominent feature was the response at 
f = 223Hz , which originates from the subcortex. The ori-
gins of most of the other peaks in the spectra can be traced 
to mechanical distortions in the tubephones that were sub-
sequently transduced into a neural response, as evident from 
Fig. 8 in the Appendix. An extended discussion on this topic 
can be found in the Appendix.

The signal in the MEG magnetometer data at f = 40Hz 
was suppressed by 97% to slightly above the noise floor using 
CSS, while the subcortical SNR (f = 223Hz) was increased 
by a factor of 10% , as quantified by PLV (Fig. 6). The 40Hz 
signal in the EEG data was suppressed by 75% , while hav-
ing little effect on the subcortical signal at f = 223Hz . 
These results imply that the method is efficient in identify-
ing subcortical activity in EEG as well. Note that the filter 
(I − UT

r
Ur) is constructed from gradiometer and magnetom-

eter data; all MEG channels are therefore employed to con-
struct the EEG data filter.

Deep brain stimulation artifact removal

MEG resting state data from the ET patient with a DBS 
implant was first filtered with signal subspace projection 
(SSP) applying four projection vectors based on empty 

Fig. 5   Simulations showing the 
relative SNR change after pro-
cessing with CSS as a function 
of location over the left cerebral 
hemisphere. Synthetic data had 
an original SNR of 0.5 dB and 
number of projection vectors 
r = 6
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room data. The gradiometer data with DBS on were high-
pass filtered using a fifth-order Butterworth filter with a 
cutoff frequency of �c = 50Hz and the magnetometer data 
with DBS on were processed with CSS ( r = 6 ) using the 
filtered gradiometer data as input and compared to resting-
state data with DBS off. The results are shown in Fig. 7. 
All three data sets (raw and processed resting state data 
with DBS turned on and raw resting state data with DBS 
turned off) were essentially the same for all brain rhythms 
up to f = 50Hz . For frequencies above f = 50Hz , 

however, there was a huge stimulation contamination to 
the MEG signal, as expected. The contamination was big-
gest around 130 Hz with both subharmonics (multiples of 
65 Hz) and harmonics (multiples of 130 Hz). Processing 
with CSS suppressed peak contamination around the stim-
ulation frequencies (multiples of 130 Hz) by more than 
99.9% while preserving all brain rhythms below 50 Hz 
and just slightly dampening the frequency bands between 
the stimulation peaks. Because the stimulation harmon-
ics were about four orders of magnitude stronger than 
physiological data at their peak, the stimulation harmonics 

Fig. 6   Bootstrap distribution  (N = 200) of raw (blue) and processed 
(orange) ASSR data collected from a human subject. The plot shows 
phase locking value (PLV) between MEG magnetometer channels 
(left) and EEG channels (right) over duration of stimulus and trials 

as a function of frequency. The solid line represents the median value 
and the transparent range plus/minus one standard deviation. The 
insets show a magnification of the subcortical response at f = 223Hz

Fig. 7   Processing of resting state data from ET patient with DBS 
turned on. a Logarithmic plot of power spectral density (PSD) of 
resting state data with DBS on (raw), DBS on after CSS-processing 

(proc.) and DBS off. b Topoplot of magnetometer power distribution 
of high-pass filtered data ( ωc = 50Hz ) that includes DBS artifacts 
(upper row) and alpha band (8–12 Hz) (lower row)
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completely dominated the MEG signal in the raw data. 
When those were dampened by CSS, the spatial distribu-
tion of signal power collected with DBS turned off was 
qualitatively similar to the processed data (Fig. 7b).

Discussion

There is a pressing need for functional imaging methods 
with sufficient temporal resolution to adequately capture the 
detailed time course and spatial distribution of subcortical 
activity. Here we propose a method that suppresses cortical 
signals and dampens cortical background activity. This leads 
to greatly increased relative SNR of subcortical activity and 
may also yield moderate increases in absolute SNR. To test 
the usefulness of the method, we applied it to human ASSR 
data. In the case of ASSR, results showed that the method 
does suppress signals from cortical sources while sparing 
subcortical signals.

Many contemporary MEG systems employ only axial 
gradiometers, and there are reports of subcortical activity 
being recorded with such systems. One example is Coffey 
et al. (2016) who studied auditory brainstem responses using 
a system with axial gradiometers. In that study, activity in 
different brain regions were separated by MNE inverse mod-
eling. Because the underlying principle of CSS relies on 
two different sets of sensor data, one can only apply CSS in 
these systems if simultaneous EEG is acquired. The refer-
ence sensors for cortical activity would then be the axial 
gradiometers and the EEG sensors would be used to access 
subcortical electrophysiology data.

Unlike most previously presented methods that try to sepa-
rate MEG/EEG signals from different regions, this method 
does not rely on source estimation. Therefore, this method 
should be considered complementary to inverse methods or 
spatial filters that rely on forward models. Initial source mod-
eling is not necessary because the filter is completely data 
based: information on subject-specific anatomy and electri-
cal conductivity distribution are not necessary. CSS should 
therefore be used as a first step in the analysis process and 
viewed as a method for detecting subcortical activity in the 
sensor space, and not as an alternative to beamformers or 
other source reconstruction methods. It is also important to 
note that the temporal projection applied in CSS reduces the 
signal power in the sensors based on their temporal content. 
Signal power in sensors close to the primary cortical source 
will be reduced more than signal power in sensors far away 
from the cortical source due to the difference in their temporal 
contents. Compensation would therefore have to be applied to 
the candidate source waveforms when doing source estimation 
with CSS-processed data to yield unbiased results.

The underlying principle of CSS is the removal of a 
shared signal subspace between two datasets, thereby achiev-
ing a more focused processed signal which only contains 
the disjoint spaces of the initial data. We believe that this 
approach can be extended to other datasets to separate sig-
nals other than cortical-subcortical, e.g., to MEG magnetom-
eters and EEG to acquire signals from only radial sources, as 
these are undetectable in MEG but present in EEG.

Scalp magnetometers, as made possible by recent 
advances in optically pumped magnetometers (OPM) 
(Jiménez-Martínez et al. 2012), are about 2 cm closer to 
the cortex than contemporary magnetometers, making the 

Fig. 8   Power spectral density 
(PSD) normalized to the peak 
value at f = 40Hz of ASSR 
sound stimulus measured in 
dB(A). PSD was computed 
using a multi-taper sequence 
of Slepian tapers with 5 s time 
windows and 0.25 overlap 
fraction
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cortical signal considerably stronger in the magnetometers 
but the subcortical signal only moderately stronger. Thus, 
the problem of cortical signals obscuring subcortical signals 
may prove to be an even bigger challenge in future MEG sys-
tems employing OPM technology. Using OPM in conjunc-
tion with contemporary gradiometers or EEG and process-
ing the data with CSS could be an effective way of dealing 
with this issue and unlocking the full potential of subcortical 
imaging in next-generation MEG systems.

Limitations

Previous studies that have investigated the neurophysiol-
ogy of DBS patients with MEG have found that dystonic 
movements of DBS patients, especially with DBS off, can 
yield large low-frequency magnetic artifacts arising from 
the movement of the DBS material itself (Airaksinen et al. 
2011). Assessing the full scope of the degree to which CSS 
can suppress these and other types of artifacts, as well as a 
systematic comparison between CSS and other artifact sup-
pression methods such as tSSS and Hampel filtering (Allen 
et al. 2010; Taulu and Hari 2009) should be the topic of 
a future study. Another potential limitation of CSS lies in 
processing MEG data of subjects with small-sized heads, 
e.g., children in adult-sized MEG systems. In this case, the 
cortical and subcortical sources will be closer to each other 
in relation to the distance to the sensors and the difference 
in sensitivity to cortical and subcortical sources between 
gradiometers and magnetometers will be smaller, making 
CSS less effective at separating the two.

When neural signals are not orthogonal in time and 
there is a temporal overlap between cortical and subcorti-
cal sources, the dampening of subcortical sources increases. 
To significantly dampen the subcortical signals, however, 
the sources need to be at the same frequency and have lit-
tle phase shift. Although this does not usually happen, it 
is important to keep in mind as elicited neural responses 
to sensory stimuli are usually phase-locked between brain 
regions and to the stimulus. If the stimulus frequency is cho-
sen such that the time lag between subcortical- and cortical 
regions corresponds to a natural number of periods, then the 
deep and cortical sources will be of the same frequency and 
in phase, meaning that the deep sources cannot be separated 
from the cortical sources based on temporal information. To 
optimize SNR gain, therefore, it is recommended to keep 
this fact in mind when designing experiments.

Conclusion

For enhanced detection of subcortical MEG/EEG signals, 
we presented a method called Cortical Signal Suppression 
(CSS) that can separate and suppress cortical contributions 

to the data while preserving contributions from subcortical 
regions, facilitating their detection and analysis. We dem-
onstrated the efficacy of this method using simulations and 
human auditory steady-state responses. Application of CSS 
to MEG magnetometer and EEG data significantly reduced 
cortical signal strength while sparing the subcortical signal. 
In resting-state recordings from an essential tremor patient 
with a deep brain stimulator implant, CSS reduced the stim-
ulation artifact by ~ 99.9% at the stimulation harmonic peaks 
without affecting low-frequency brain rhythms. The CSS 
method is completely data-driven: no MRI, forward mod-
eling or source reconstruction methods are required. CSS 
is thus particularly useful for detecting signals from deep 
structures and their initial evaluation in the sensor space.
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Appendix

ASSR

To differentiate signals of acoustic origin in the tubephones 
from those of neural origin, the sound output at one of the 
earpieces was measured using a coupler of model G.R.A.S. 
Sound & Vibration IEC 60126 2 cc (Nærum, Denmark) 
connected to a sound level meter of model Larson Davis 
SoundTrack LxT2 (Depew (NY), US). The average loudness 
was measured to be 83 dB (A), although the sound level 
in the actual experiment was somewhat lower because the 
subject expressed discomfort with the loudness and it was 
subsequently decreased. The power spectral density (PSD) 
of the acoustic signal was computed using Slepian tapers 
with 5 s windows and 0.25 overlap fraction between win-
dows and is shown in Fig. 8. There are several spectral peaks 
of mechanical origin that was not in the stimulus spectrum: 
70, 80, 90, 116, 120, 133, 153, 180, 183, 263 and 273 Hz 
were all not in the digital stimulus signal but present in the 
acoustic ASSR signal and must therefore be the result of 
acoustic modes in the tubephones. Some of these peaks are 
also seen in the neural response (Fig. 6). However, there was 
no significant acoustic signal power at f = 63 and 103Hz , 
both of which were prominent in the neural ASSR data. 
These signals must thus either be of acoustic origin from 
the ear canal or inner ear, or of neural origin. Tracing the 
origin of these signals is difficult as it would either require 
invasive sound measurement or CFD simulations with very 
exact subject-specific anatomy, because flows through con-
fined channels such as the inner ear have been shown to be 
extremely sensitive to shape variations (Samuelsson et al. 
2015) and is beyond the scope of this paper.
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PLV

Phase locking value (PLV) is the vector sum of phase differ-
ences between different channels. In our case, we have also 
included the phase difference at different time points because 
the neural ASSR is steady throughout the epoch after the 
initial transients. See Bharadwaj and Shinn-Cunningham 
(2014) for details on how to calculate PLV. If there is only 
noise at a particular frequency, there will be no phase lock-
ing in the neural response and the phase difference at that 
frequency will be random, uniformly distributed around the 
unit circle in the complex plane. In such a case, the magni-
tude of the average of the phase differences will be close to 
zero. Because we know that the neural response is phase-
locked to the modulation wave form of the auditory stimu-
lus, PLV is a good metric for SNR; a higher PLV implies a 
stronger neural phase locking response and a higher SNR.

How Does CSS Relate to a Wiener Filter?

Suppose that we have a contaminated signal x and a signal 
of interest y so that x = y + n where n is noise or some other 
signal of no interest. One can then filter the signal using a 
Wiener filter by

where capital letter denotes the Z-transform of the signal 
and H(z) is the Z-transform of the Wiener filter h with the 
transfer function H(z) =

∑N

i=0
aiz

−i , where ai are constants 
specific to the filter h . An optimal estimate ŷ of the signal of 
interest y based on the measured signal x is given by

where H(z) is found by solving the equation

where h[i] is the impulse response of the filter h , Rxx[t − i] 
is the autocorrelation of x shifted by i time steps and Ryx[t] is 
the cross-correlation between measured signal x and target 
process y. If the Wiener filter is of zeroth order, this equa-
tion simplifies to

and the processed signal is simply

Y(z) = H(z)X(z),

ŷ = Z−1{H(z)X(z)},

N∑

i=0

h[i]Rxx[t − i] = Ryx[t],

h[0]Rxx[t] = Ryx[t]

=> h[0] =
Ryx[t]

Rxx[t]
=

Cyx

Cxx

,

ŷ[t] = Z−1{H(z)X(z)} = h[0]Z−1{X(z)} =
Cyx

Cxx

x[t].

If our target process is the cortical signal in the mag-
netometer data M̂c , an estimate can be obtained by Wiener 
filtering the gradiometer signal G by using M as the target 
process;

This Wiener filter of zeroth order simply finds the com-
mon temporal subspace between the gradiometers and mag-
netometers, which represents the cortical component of the 
magnetometer data, as mentioned above. This cortical com-
ponent of the magnetometer data can then be removed by an 
orthogonal projection to this Wiener filter on the raw signal M:

which is exactly our original processing algorithm. CSS 
is then derived from this expression according to the outline 
in the “Methods” section. Our method can thus be seen as a 
tweaked version of an orthogonal projection to a zeroth order 
Wiener filter using gradiometer data as the corrupted signal 
and magnetometer data as target process.

CSS Further Explained

Figure 9 shows a graphic illustration of CSS. For a more 
detailed outline, see the pseudocode presented in Fig. 2 and the 
“CSS Method Theory” section.

In Detail, How Did We Apply CSS on the ASSR Data?

In summary, CSS was used in the following way on the ASSR 
data;

1.	 Average the gradiometer and magnetometer data over 
epochs

2.	 Orthonormalize the averaged gradiometer and mag-
netometer data

3.	 Cross-correlate the orthonormalized, averaged mag-
netometer data with the orthonormalized, averaged gra-
diometer data

4.	 Singular value decompose (SVD) the cross-correlation 
matrix

5.	 Find projection vectors U by multiplying the averaged 
orthonormalized gradiometer data matrix with the left-
sided singular vectors in the SVD of the cross-correla-
tion matrix

6.	 Pick the top r rows of U , these are the projection vectors 
to be removed from the magnetometer/EEG data

7.	 For each epoch, project out the projection vectors from 
the magnetometer or EEG data

M̂c = CmgC
−1
gg
G.

M̂d = M − M̂c = M
(
I − GTC−1

gg
G
)
,
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