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Abstract: Background: Modern MEG devices include 102 sensor triplets containing one 14 
magnetometer and two planar gradiometers. The first processing step is often a signal space 15 
separation (SSS), which provides a powerful noise reduction. A question commonly raised by 16 
researchers and reviewers is which data should be employed in source reconstruction: (1) 17 
magnetometers only, (2) gradiometers only, (3) magnetometers and gradiometers together. The 18 
MEG community is currently divided about the proper answer and strong arguments in favor and 19 
against these three approaches often expressed. Methods: First, we provide theoretical evidence 20 
that both gradiometers and magnetometers contain the same information after SSS, and argue that 21 
they both result from the backprojection of the same SSS components. Then, we compare 22 
beamforming source reconstructions from magnetometers and gradiometers in real MEG 23 
recordings before and after SSS. Results: Without SSS, the correlation between source time series 24 
extracted from magnetometers and gradiometers was high, with Pearson correlation coefficient 25 
r=0.5-0.8. After SSS, these correlation values increased dramatically, reaching over 0.90 across all 26 
cortical areas. Conclusions: After SSS, almost identical source reconstructions (r>0.9) can be 27 
obtained with magnetometers and gradiometers, as long as regularization is selected appropriately 28 
to account for the different properties in magnetometers and gradiometers covariance matrices. 29 

30 Keywords: magnetoencephalography; signal space separation; magnetometer; 
gradiometer; beamforming; regularization 31 

32 

1. Introduction 33 

The signal space separation method (SSS) [1], and its spatiotemporal extension (tSSS) [2] are 34 
powerful noise reduction methods commonly used as a first preprocessing step in raw MEG data. In 35 
fact, they have repeatedly been proven to be successful in the suppression of unwanted magnetic 36 
noise originating from distant [3] to nearby [2] sources, or even from orthodontic material [4]. Also, 37 
the use of device-independent coordinates in SSS enables to compensate for head movements inside 38 
the MEG scanner [2]. Roughly, this is achieved by considering the raw MEG data as a superposition 39 
of harmonic components, which originate either inside or outside the brain (or rather, a sphere that 40 
is fitted individually and lies inside the MEG helmet). SSS discards the external components and 41 
produces a cleaner version of the MEG data by backprojecting the internal components exclusively.  42 

The use of SSS is particularly widespread in modern Elekta Neuromag® (Vectorview and 43 
TRIUX) MEG systems, and it can be easily applied directly at the workstations with MaxfilterTM [5] 44 
or with MNE software (from version 0.11 onwards [6]). These new systems are equipped with 306 45 
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sensors, grouped into 102 elements with one magnetometer and two orthogonal planar 46 
gradiometers each [7]. Magnetometers measure the normal component of the magnetic field at the 47 
sensor’s position ܤ௭(ݎԦ)  and are sensible to fields originating within a wide distance. Planar 48 
gradiometers, instead, estimate the spatial derivative of ܤ௭(ݎԦ)  in two orthogonal directions 49 
perpendicular to the MEG helmet (i.e. డ஻೥(௥Ԧ)డ௫  and డ஻೥(௥Ԧ)డ௬ ) , so that their sensitivity decreases faster 50 

with distance, hence, they are less sensitive to distant sources and more robust to environmental 51 
interference [8,9]. Both magnetometers and gradiometers measure tiny magnetic fields, typically in 52 
the range of 10-11-10-9 T and 10-11-5∙10-10 T/m respectively. 53 

Although the availability of these two sensor types at each location is very appealing, it also 54 
creates some controversy on the appropriate analysis pipeline. This is particularly the case when 55 
performing source reconstruction. Researchers in the field follow typically three different 56 
approaches for this purpose: (1) using gradiometers only (2) using magnetometers only, or (3) using 57 
both sensor types, after applying some scaling factor that yields a similar variance in the time series 58 
of both data types. All of these options have strong supporters and critics amongst experimenters 59 
and reviewers, and arguments such as: “magnetometers can detect deeper sources,” “gradiometers 60 
are less noisy,” or “using magnetometers only (gradiometers only) means discarding 2/3 (1/3) of the 61 
data” are often heard. However, are these arguments valid after SSS? 62 

In this work, we address this question and argue that, after (t)SSS, magnetometers and 63 
gradiometers contain the same information. That is, gradiometers and magnetometers yield source 64 
reconstructions that are essentially equivalent, as long as the properties of both sensor types are 65 
taken into account, in the case of beamforming, by choosing appropriate regularization factors. To 66 
tackle this issue, we provide a theoretical argumentation and compare experimentally the source 67 
reconstructions estimated from magnetometers and gradiometers, with and without SSS.   68 

2. Materials and Methods  69 

2.1 Theoretical reasoning 70 

The initial assumption in SSS is the presence of three separate volumes: (a) an inner volume 71 
containing the inside (brain) currents ࢐௜௡, (b) an intermediate volume which includes the MEG 72 
sensors and is current-free and (c) an outer volume containing the external currents ࢐௢௨௧ . The 73 
magnetic field ࡮(࢘) at a source-free sensor position, ࢘ is the superposition of the fields created by 74 ࢐௜௡ and ࢐௢௨௧: 75 ࡮(࢘) = (࢘)௜௡࡮ + ௢௨௧(࢘). (1)࡮

As proven in [1,10], under the quasistatic approximation, ࡮௜௡(࢘) and ࡮௢௨௧(࢘) can be written 76 
as separate series expansions: 77 ࡮௜௡(࢘) = ∑ ∑ ௟௠ୀି௟ஶ௟ୀଵ(࢘)ࡲ௟௠ߙ (࢘)௢௨௧࡮(2) , = ∑ ∑ ௟௠ୀି௟ஶ௟ୀଵ(࢘)ࡳ௟௠ߚ , (3)

where ࡲ(࢘) and ࡳ(࢘) are functions derived from spherical harmonics and scale with 1/ݎ௟ାଶ and 78 ݎ௟ respectively. For the sake of brevity, their analytic formulation is not written here, but can be 79 
found elsewhere [1]. ߙ௟௠ and ߚ௟௠ are coefficients that depend on the current distributions ࢐௜௡ and 80 ࢐௢௨௧, and are independent of the target position r. 81 ࡮௜௡ and ࡮௢௨௧ at each of the MEG coils position ࢘ଵ, … , ࢘ே௖௢௜௟௦ can then be expressed as a linear 82 
combination of ߙ௟௠ and ߚ௟௠,  after truncating (2) and (3) to ݈ ≤ ݈ ௜௡ andܮ ≤  ௢௨௧ respectively and 83ܮ
computing ࡲ(࢘) and ࡳ(࢘) at ࢘ଵ, … , ࢘ே௖௢௜௟௦. The series expansions are usually truncated to ܮ௜௡ = 8 84 
and ܮ௢௨௧ = 3, since they are considered to produce a negligible residual [1,3]. This would yield 85 ݊௜௡ = ௜௡ܮ) + 1)ଶ − 1 = 80  inside terms and ݊௢௨௧ = ௢௨௧ܮ) + 1)ଶ − 1 = 15 outside terms. 86 

Then, the magnetic field (normal component) at the coils’ position can be written as: 87 ܤ௖௢௜௟ ≈ ௜௡,௖௢௜௟ࢀൣ ௢௨௧,௖௢௜௟൧ࢀ ቂ ࢞௜௡࢞௢௨௧ቃ, (4)
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where ࢀ௜௡,௖௢௜௟  and  ࢀ௢௨௧,௖௢௜௟  are ௖ܰ௢௜௟௦ × ݊௜௡  and  ௖ܰ௢௜௟௦ × ݊௢௨௧  matrices respectively, which are 88 
computed from the system’s geometry based on ࡲ(࢘) and ࡳ(࢘); and ࢞௜௡ and ࢞௢௨௧ are vectors of 89 
length ݊௜௡ and ݊௢௨௧ that contain the ߙ௟௠ and ߚ௟௠ coefficients. 90 

If one takes into account that ܯ௜ = ௖௢௜௟,௝ܤ   for magnetometers and ܯ௜ = ௖௢௜௟,௝ܤ  ௖௢௜௟,௞ܤ −  for 91 
gradiometers, the MEG measurements M can be similarly expressed as a matrix product: 92 ࡹ ≈ ࢞ࡿ = ௜௡ࡿൣ ௢௨௧൧ࡿ ቂ ࢞௜௡࢞௢௨௧ቃ, (5)

where the rows of ࡿ௜௡ ௢௨௧ࡿ)  ) are rows of ࢀ௜௡,௖௢௜௟ ௢௨௧,௖௢௜௟ࢀ)  ) for magnetometers and are the 93 
subtraction of two ࢀ௜௡,௖௢௜௟ (ࢀ௢௨௧,௖௢௜௟) rows for gradiometers.  94 

Finally, the inside and outside components are estimated from ෝ࢞ = ቂ ࢞௜௡࢞௢௨௧ቃ =  and a 95 ,ࡹଵିࡿ

cleaner version of the MEG measurements is estimated by projecting the inside components only:  96 ࡹప௡෢ ≈ (6) .࢔࢏ෝ࢞࢔࢏ࡿ

In summary, the inside components ࢞௜௡ are estimated using all channels, magnetometers or 97 
gradiometers (bad channels should of course be discarded), and, after SSS, the activity of both sensor 98 
types derives from the projection of the same ݊௜௡ components.  99 

2.2. Experimental source reconstructions from magnetometers and gradiometers  100 

To further explore the relation between magnetometers and gradiometers after SSS, in this 101 
section we compare source reconstructions estimated separately from both sensor types in real MEG 102 
recordings   103 

2.2.1. MEG acquisition and source estimation  104 

The resting state data used here was recorded for a test-retest reliability project. Details on data 105 
acquisition, preprocessing, and source reconstruction can be found in [11]. Briefly, 4 min resting 106 
state eyes closed data from 16 healthy subjects (age 30.4 ± 5.8, ten female) were employed here. MEG 107 
recordings were acquired with an Elekta Vectorview system with 306 sensors (102 magnetometers 108 
and 204 planar gradiometers), inside a magnetically shielded room (Vacuumschmelze GmbH, 109 
Hanau, Germany). Subjects’ heads were digitized with a Fastrak Polhemus, and four coils were 110 
attached to the forehead and mastoids so that the head position on the MEG helmet was 111 
continuously determined. Activity in electrooculogram channels was also recorded to keep track of 112 
ocular artifacts. Signals were sampled at 1000 Hz with an online filter of bandwidth 0.1-300 Hz.  113 

SSS and tSSS were applied to the raw resting state data with Maxfilter (version 2.2) and its 114 
default parameters (ܮ௜௡=8, ܮ௢௨௧=3, tSSS correlation window=10s, and tSSS correlation limit=0.9). We 115 
note that although the data presented in subsequent sections corresponds to the SSS-filtered dataset, 116 
we obtained similar results with tSSS. Bad channels were visually detected and not included in the 117 
SSS/tSSS estimation. Jump, muscle and ocular artefacts were detected using FieldTrip [12], and 118 
non-overlapping artefact-free 6-second epochs were located. Data was bandpass filtered in [2-30]Hz 119 
with a finite impulse response (FIR) filter of order 1000. 120 

Source and forward models were built individually after segmenting each subject’s 121 
T1-weighted MRI with Freesurfer (version 5.1.0), [13,14], downsampling and realigning surfaces, 122 
and estimating leadfield matrices with MNE software [6]. Linearly constrained minimum variance 123 
(LCMV) beamformer [15] was used to perform source reconstruction. For each subject and source, 124 
we computed beamformer filters as: 125 ࢝࢏ = (7) ,࢜࢔࢏࡯ࢀ࢏ࡸ൧ି૚࢏ࡸ࢜࢔࢏࡯ࢀ࢏ࡸൣ

where ࢏ࡸ  is the ௦ܰ௘௡௦௢௥௦ × 3  leadfield matrix for source ݅ , and ࢜࢔࢏࡯  is a ௦ܰ௘௡௦௢௥௦ × ௦ܰ௘௡௦௢௥௦ 126 
estimate of the inverse of the sensor’s covariance matrix ࢜࢔࢏࡯ 127 :࡯ = ݒ݊݅݌ ቀ࡯ + ߣ ௧௥௔௖௘(࡯)ேೞ೐೙ೞ೚ೝೞ ቁ,  (8)ࡵ
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where ࡵ is the identity matrix and λ>0 is called the regularization factor. Regularizing is equivalent 128 
to adding uncorrelated noise to the sensor measurements, and it is necessary for the stability of the 129 
inversion of the covariance matrix ࡯. This is especially crucial after SSS, since it projects back only 130 
60-80 inside coefficients, and yields rank-deficient covariance matrices. In this work, we have 131 
defined the regularization parameter λ as the average diagonal of the covariance matrix, which is a 132 
common convention in the literature [16], and it is used in the popular FieldTrip toolbox [12]. The 133 
robustness of the ࢜࢔࢏࡯ matrix inversion can be quantified through: 134 ܿ݊ = cond ቀ࡯ + ߣ ௧௥௔௖௘(࡯)ேೞ೐೙ೞ೚ೝೞ ቁ, (9)ࡵ

where cond refers to the 1-norm condition number.  135 
For each source location ࢏, the orientation ࢏ࣁ was determined as the one maximizing the 136 

source power ࢝௜்࢝࡯௜, and the beamforming filter was projected into this direction: ࢝ࣁ,࢏ =  137 .࢏࢝࢏ࣁ 
Finally, we derived source time series as: 138 ࢙࢏(࢚) = (10) .(࢚)ࡹࣁ,࢏࢝

For each subject, source time series were extracted for magnetometers and gradiometers 139 
separately for varying regularization parameters λmag and λgrad. The similarity between 140 
magnetometer and gradiometer source reconstructions was evaluated with the Pearson correlation 141 
between reconstructed source time series. The effect of the magnetometers vs. gradiometer choice 142 
on resting state powerspectrum and functional connectivity estimates was evaluated with intraclass 143 
correlation coefficient (ICC type 1-1, following [17]). 144 

3. Results 145 

 
Figure 1. Correlation between source time series derived from magnetometers and gradiometers 146 
with and without SSS. Pearson correlation coefficients averaged across subjects are shown for five 147 
selected sources as a function of the regularization parameters λ for magnetometer (x-axis) and 148 
gradiometer (y-axis) beamforming reconstructions. The selected sources were located in MNI space: 149 
visual cortex (MNI: -41, -77, 3), primary somatosensory cortex (MNI: -38 -27 52), precuneus (MNI: 1 150 
-57 28) and median cingulate (MNI: -2 12 40). 151 

3.1. Correlation between magnetometer and gradiometer source reconstructions after SSS, as a function of the 152 
regularization factor λ  153 

For each subject, we computed source reconstruction separately for magnetometers and 154 
gradiometers, with and without SSS for 80 regularization factors between λ= 10-4 and λ = 1. We chose 155 
for this analysis four representative sources located in exemplary cortical areas: visual cortex (MNI 156 
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coordinates [-41 -77 3]mm), primary somatosensory cortex (MNI: [-38, -27, 52]mm), precuneus (MNI: 157 
[1, -57, 28]mm) and median cingulate (MNI: [-2, 12, 40]mm). The Pearson correlation coefficients r 158 
were computed between source time series derived from magnetometers and gradiometers for each 159 
pair of λmag and λgrad and averaged over trials and subjects (see Figure 1). Without SSS, correlation 160 
coefficients were moderate, ranging between 0.4 and 0.8, and reaching their highest values (0.8-0.9) 161 
for high regularizations approaching λ=1. However, they were much higher for SSS-filtered data, 162 
reaching values of r> 0.9 for λmag and λgrad >0.01. The λmag and λgrad reaching the highest values of 163 
r>0.95 were positively related, in a seemingly log-log dependence. Of note, equivalent results were 164 
obtained when comparing the source reconstructions using each type of sensor separately with that 165 
obtained with the whole magnetometer + gradiometer dataset, normalizing the variance of both 166 
sensor types as in [18]. Results can be found in Supplementary Figure 1.   167 

We further explored this dependence by selecting, for each source and λmag separately, the λgrad 168 
for which the highest r was obtained. As shown in Figure 2, the relation between λmag,max and λgrad,max 169 
was indeed monotonically increasing in a rather linear fashion for λmag > 0.01. The least squares fit 170 
that best reproduced this relation was: logଵ଴൫ߣ௚௥௔ௗ,௠௔௫൯ = 0.574*logଵ଴(ߣ௠௔௚,௠௔௫) + 0.611 (r2 = 0.96). 171 
This means that a higher regularization is necessary for gradiometers than for magnetometers to 172 
obtain an equivalent source reconstruction. For instance, for a λmag=0.01, the corresponding λgrad 173 
yielding the most similar source reconstructions is λgrad=0.29. When focusing on the condition 174 
numbers of ࡯ + ߣ ௧௥௔௖௘(࡯)ேೞ೐೙ೞ೚ೝೞ  instead of the regularization factors λ, we also observed a rather linear 175 ࡵ

and positive relation between cnmag,max and cngrad,max (minimum-square linear fit: logଵ଴൫cn௚௥௔ௗ,௠௔௫൯ = 176 
0.590*logଵ଴(cn௠௔௚,௠௔௫) + 0.886, r2 = 0.96). Lower covariance matrix condition numbers (or more 177 
invertible matrices) are needed for gradiometers than for magnetometers to produce equivalent 178 
source reconstructions. 179 

 
Figure 2. The correlation between magnetometer and gradiometer source reconstruction after SSS 180 
depends on the regularization parameter λ and the condition number cn of the sensor covariance 181 
matrix. In the left, the lines display, for each λmag, the λgrad that yields maximum subject average 182 
correlation r between magnetometer and gradiometer source reconstructions. The gray surfaces span 183 
the area for which r>0.8 (lighter gray) and r>0.9 (darker gray) for all five sources considered. In the 184 
right side, an equivalent plot is built with axes corresponding to the condition numbers of the 185 
regularized magnetometers and gradiometers covariance matrices (cnmag and cngrad respectively). 186 

3.2. Spatial dependence of the correlation between magnetometer and gradiometer source reconstructions 187 

To evaluate the whole-brain spatial relationship between magnetometer and gradiometer 188 
source reconstructions, we separately computed the correlations between source time series 189 
extracted with both sensor types using λmag=0.01 and λgrad=0.29 respectively for all cortical sources. 190 
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Figure 3 shows the spatial distribution of the average correlation coefficient r between 191 
magnetometer and gradiometers source reconstructions across subjects, using both the raw and the 192 
SSS-filtered datasets. After SSS, r>0.9 was found for all sources, indicating an almost identical source 193 
estimation for both sensor types. This correlation was much weaker for the raw dataset without SSS, 194 
with r = 0.4-0.7 for most cortical regions and r>0.7-0.85 for posterior and deeper regions around 195 
visual cortex, posterior cingulate and precuneus. When comparing source reconstructions with and 196 
without SSS, the former were more strongly correlated (r>0.7) with raw magnetometer source 197 
reconstructions in posterior central, parietal, and posterior regions and with raw gradiometer source 198 
reconstructions in frontal, temporal and cingulate regions. 199 

Figure 3. Correlation between source time series for λmag = 0.01 and λgrad = 0.29. The brain surfaces 200 
display the subject-averaged Pearson correlation coefficients between pairs of source time series 201 
estimated with different sensor types and with/without SSS. Note that the limits of the color bars 202 
differ across panels. 203 

3.3. Inter-pipeline reliability of power and functional connectivity values: impact on the choice of 204 
magnetometers or gradiometers. 205 

One may argue that the above results only apply to the reconstructed source time series in the 206 
time domain, whereas the spectral properties or the functional connectivity (FC) patterns obtained 207 
from both types of sensors may differ. To estimate the impact that the choice of magnetometers or 208 
gradiometers would have in the outcome of the spectral properties and FC in a real experiment, we 209 
quantified the difference between magnetometer and gradiometer-derived values of these target 210 
measures. Power spectra were calculated from source time series with the multitaper method using 211 
Hamming windows and 1Hz smoothing and normalized to the overall power in the [2-30]Hz. We 212 
estimated relative power for the following frequency bands: delta ([2-4]Hz), theta ([4-8]Hz), alpha 213 
([8-13]Hz) and beta ([13-30]Hz), and averaged over the 66 cortical regions of the Desikan-Killiany 214 
atlas [19]. As an estimate of FC, we computed the phase locking value (PLV) between all pairs of 215 
regions in the delta, theta, alpha, and beta bands. More details on the implementation of power and 216 
PLV estimation can be found in [11,20]. 217 

The inter-analysis pipeline reliability of the power and PLV estimates was quantified with the 218 
intraclass correlation coefficient (ICC type 1-1, following [17]), comparing power and PLV values 219 
obtained with magnetometers and regularization λ=0.01 and gradiometers with regularization 220 
λ=0.29. Figure 4 shows the distribution of ICC values across regions and links. For comparison, we 221 
also computed the reliability between the analysis pipelines using magnetometers only but different 222 
λ coefficients (always keeping the option magnetometers with λ=0.01 as a reference) and included in 223 
Figure 4. We found excellent inter-pipeline reliability (ICC>0.85) for the power spectra for all 224 
analysis pipeline combinations. ICC values for PLV were however smaller. Although for more than 225 
3/4 of the links ICC>0.8, which is usually regarded as an excellent reliability [21], the ICC values 226 
spanned a broader interval ([0.4-1]) when comparing mag-λ=0.01 and grad-λ=0.29. This was 227 
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however also the case when comparing mag-λ=0.01 and mag-λ=0.05. To further evaluate whether 228 
the impact on reliability was driven by the regularization or by the sensor choice, the dependence 229 
between ICC values obtained with grad-λ=0.29 and mag-λ=0.05 (keeping mag-λ=0.01 as a reference) 230 
was explored (Figure 4-C). Both magnitudes were strongly correlated (Pearson r=0.36-0.51, 231 
p-value<10-10). This means that the links with smaller ICC in grad-λ=0.29 tend to be also the links 232 
with smaller ICC in mag-λ=0.05. This fact indicates it is the regularization intensity rather than the 233 
sensor choice which causes the drop on ICC. 234 

Figure 4. Inter-pipeline reliability of power spectrum and phase locking value (PLV) estimates. The 235 
reliability was evaluated with the ICC (Intraclass correlation coefficient), using as a reference the 236 
mag-λ=0.01 pipeline (choosing magnetometers for source reconstruction and a regularization factor 237 
of λ=0.01). We compared three pipelines against this reference: mag-λ=0.02 (using magnetometers 238 
and λ=0.02), mag-λ=0.05 (using magnetometers and λ=0.05) and grad-λ=0.29 (using gradiometers 239 
and λ=0.29). A. Violin plots of the distribution of ICC coefficients for relative power estimates in the 240 
delta, alpha, beta and gamma bands across the 66 cortical regions of the Desikan-Killiany atlas. B. 241 
Violin plots of the distribution of ICC for PLV across pairs of regions (or links) for each frequency 242 
band. C. Scatterplot of the ICC values obtained with the mag-λ=0.05 and the grad-λ=0.29 pipelines. 243 
Each dot represents a single connection, and the color displays the density of points. 244 

4. Discussion 245 

In this work, we have demonstrated both theoretically and experimentally that magnetometer 246 
and gradiometer data after SSS contain equivalent information, and therefore produce very similar 247 
source reconstructions (Pearson correlation coefficient > 0.9). Although these results may not come 248 
as a surprise for most Elekta users experienced with SSS and source reconstruction, there is 249 
substantial controversy in the general neuroimaging community on the selection of magnetometers 250 
and gradiometers. The present work provides a focused analysis on this issue, which we hope will 251 
guide MEG users who are designing analysis plans, contribute to avoiding additional lengthy 252 
discussions during scientific peer-review, and inform researchers who are doubtful about the 253 
different source reconstruction approaches. 254 

Currently, the source reconstruction literature using Elekta MEG devices is divided among 255 
different options: using magnetometers only [22], gradiometers only [23], both sensor types 256 
simultaneously [24,25], or both sensor types separately across main manuscript and supplementary 257 
information: [20]. In this work, we have demonstrated that all these approaches are equivalent, 258 
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given that all the cited works used SSS for MEG data denoising. We note however that the choice of 259 
magnetometers and gradiometers is relevant when working in sensor space since both sensor types 260 
yield different topographies for the same source activation. While magnetometers have a circular 261 
sensitivity distribution, planar gradiometers have maximum sensitivity directly under the sensors 262 
[8]. Furthermore, planar gradiometers can be combined to produce sensor-space pseudo current 263 
maps, which provide a more accurate estimation of the underlying current distribution than 264 
magnetometer-derived topographies[26].  265 

A crucial factor to ensure comparability between magnetometer and gradiometer source 266 
reconstructions is an appropriate regularization of the covariance matrices. The importance of 267 
regularization in MEG/EEG beamforming has been established previously [27–29]. Brookes et al. 268 
[30] demonstrated that shorter experiment times, smaller frequency bandwidths and increasing 269 
amount of sensors produce a higher error in the covariance matrix estimation and therefore require 270 
greater regularization, which comes at the expense of a loss in spatial resolution. After (t)SSS, the 271 
effective dimensionality of magnetometer and gradiometer covariance matrices is equal to the 272 
number of inside SSS components, which is typically in the range 60-80. Since Elekta MEG devices 273 
contain twice as many gradiometers than magnetometers, after SSS the gradiometer covariance 274 
matrix has a higher condition number (is less invertible) than the magnetometer covariance matrix. 275 
A greater regularization is, therefore, necessary for gradiometers than for magnetometers. In 276 
particular, we found that the relation between the regularization coefficients producing most 277 
strongly correlated source reconstructions for both sensor types is: logଵ଴൫ߣ௚௥௔ௗ,௠௔௫൯  = 278 
0.574*logଵ଴(ߣ௠௔௚,௠௔௫) + 0.611.  279 

Although selecting higher regularizations for gradiometers than for magnetometers yields 280 
comparable condition numbers and most highly correlated source time series, having different 281 
regularization intensities (and therefore the different intensity of added noise) can affect the spatial 282 
properties of magnetometers and gradiometers. To explore this, we evaluated the inter-pipeline 283 
reliability of conventional MEG measures (power and functional connectivity) obtained with 284 
magnetometers with λ=0.01 and gradiometers with λ=0.29 (combination yielding source time series 285 
correlation > 0.9). Power values estimated with both analysis pipelines were remarkably similar 286 
(ICC>0.85). Functional connectivity values were more variable: although for most links and 287 
frequency bands ICC>0.8, ICC values in the [0.4-0.8] range were also obtained. ICC comparing 288 
pipelines using magnetometers only and different λ were similarly affected, indicating that the 289 
regularization is causing the difference in FC estimates obtained with magnetometers and 290 
gradiometers. Such result is not particularly surprising since the effect of regularization on the 291 
spatial resolution of source reconstruction is well-known [27–29]. 292 

5. Conclusions 293 

We have demonstrated that magnetometer and gradiometer data after SSS contain the same 294 
information (originating from the same SSS inside components) and can generate equivalent 295 
beamforming source reconstructions, as long as appropriate regularization strengths are chosen for 296 
both sensor types. We have provided a theoretical reasoning and an experimental framework for 297 
this argument. Source time series estimated with both sensor types after SSS are correlated over 0.9, 298 
and the average inter-pipeline reliability of power and functional connectivity was strong to 299 
excellent (with average ICCs of 0.8-0.98). This result unifies different analysis pipelines existing in 300 
the literature and proves that, while the choice of magnetometers or gradiometers in source 301 
reconstruction after SSS has a minimal impact on the outcomes of MEG studies and, the selection of 302 
the regularization strength has a stronger effect on functional connectivity estimates. 303 

Supplementary Materials: Comparison of single sensor type reconstructed source time series with source time 304 
series reconstructed with the whole (magnetometer+gradiometer) dataset can be found online at  305 
www.mdpi.com/link, Figure S1 Correlation between source time series derived from magnetometers only and 306 
(magnetometers+gradiometers) depending on the λ regularization parameter.  307 
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