




13

S. Helbling	 Imaging Neuroscience, Volume 3, 2025

Fig. 5.  Laminar classification accuracy and bias across scalp–sensor offsets for an OPM-MEG array with a sensor 
spacing of 35 mm at the 6.5 mm scalp–sensor offset. Solid lines represent the whole-brain free energy analysis, and 
dashed lines represent the ROI-t-statistic analysis. The left column within each subpanel shows correct laminar inferences; 
the right column shows inferences favouring the pial source model. Line colour intensity indicates the percentage of 
simulations exceeding the significance threshold. Error bars represent standard error. Asterisks indicate significant 
deviations from chance levels. SNR decreases across rows. (A) For the EBB approach, increases in scalp–sensor 
distances led to decreasing laminar classification accuracy at added white noise of 300 dB or less in both analyses. At 
300 dB of added white noise, classification bias towards the pial surface increased with larger scalp–sensor offsets, 
resulting in significant biases at greater offsets for both analyses. (B) For the MSP approach, classification accuracy 
remained at ceiling for added white noise levels of 100 dB or lower and did not vary significantly across scalp–sensor 
offsets. At noise levels of 300 or 1000 dB of added white noise, classification accuracy decreased significantly with 
increasing scalp–sensor offsets.
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significantly with increasing scalp–sensor offsets (whole-
brain: beta  =  0.597, p  =  0.001; ROI: 1.201, p < 0.001). 
Additionally, we observed a significant increase in bias 
towards the pial surface with increasing scalp–sensor off-
sets for the whole-brain approach (beta = -0.328, p < 0.05). 
For the ROI-based approach, this increase was only a 
trend (beta = -0.304, p = 0.065).

In summary, increasing scalp–sensor distances 
reduced laminar classification accuracy for the EBB 
source reconstruction approach at noise levels of 300 dB 
or lower, with an increasing bias towards the pial surface 
at 300 dB. The MSP approach maintained high accuracy 
at noise levels of 100 dB or lower, but accuracy decreased 
significantly with increasing scalp–sensor offsets at 300 
and 1000 dB.

3.5.  Co-registration errors

To investigate the impact of co-registration errors on our 
ability to perform non-invasive laminar inference, we ran 
simulations with a single-axis array at an inter-sensor dis-
tance of 35 mm and an SNR of -10 dB and added small 
random displacements to the three fiducial locations 
(Fig. 6). We observed a steep decrease in classification 
accuracy with increasing co-registration errors for the 
EBB approach (whole-brain: beta  =  0.838, p  < 0.001; 
ROI: beta = 1.189, p < 0.001), where laminar inference 
was not feasible anymore at a fiducial displacement error 
of 4  mm. Classification bias remained relatively stable 
across co-registration errors, with a trend towards an 
increased bias towards the deep surface with increasing 
co-registration errors for the ROI-based t-statistics anal-
ysis (beta = 0.268, p = 0.065). For the free energy analy-
sis, the previously observed bias towards the deep 
surface was sustained across co-registration errors.

For the MSP approach, classification accuracy 
remained high (above 90%) across co-registration errors, 
but decreased significantly with increasing co-registration 
errors (whole-brain: beta  =  2.497, p  < 0.001; ROI: 
beta  =  1.908, p  < 0.01). No classification biases were 
observed for either the whole-brain or the ROI-based 
analysis.

3.6.  Incongruent patch sizes

To test for the impact of incongruencies between the true 
and the assumed source extent, we simulated congruent 
and incongruent source and reconstruction patch sizes 
of 5 and 10 mm for a single-axis OPM-sensor array with 
an inter-sensor distance of 35 mm and performed laminar 
inference using the whole-brain free energy analysis.

For the EBB source reconstruction approach, we found 
a significant drop in laminar classification accuracy for 

over- (at SNRs of -5, -10, and -20 dB: p < 0.01, p < 0.01 
and p < 0.05, respectively) and underestimated (at SNRs 
of -5 and -10 dB: both p < 0.00001) patch sizes (Fig. 7). At 
SNRs of -5 dB and -10 dB, simulations with congruent 
patch sizes (shown in purple) were biased towards deep 
layers as observed in our previous simulations (Figs. 2-4). 
Compared with congruent patch sizes, overestimation of 
patch sizes yielded a shift towards pial classification (ren-
dering the classification bias non-significant), while under-
estimation of patch sizes led to an even stronger bias 
towards the deep cortical surface. However, two-sided 
exact McNemar’s tests indicated that these shifts were 
not statistically significant at any of the SNRs tested.

For the MSP approach, we found smaller but signifi-
cant decreases in classification accuracy for incongruent 

Fig. 6.  Laminar classification accuracy and bias across 
co-registration errors at an SNR of -10 dB. We used 
an OPM-MEG array with a sensor spacing of 35 mm 
and applied the EBB and MSP source reconstruction 
approaches to the simulated data. Co-registration errors 
were operationalised by adding random displacement 
errors with a standard deviation from 1 to 4 mm in 1 mm 
increments to each of the three fiducial locations in each 
direction. Solid lines represent the whole-brain free energy 
analysis, and dashed lines represent the ROI-t-statistic 
analysis. The left column shows correct laminar inferences; 
the right column shows inferences favouring the pial source 
model. Line colour intensity indicates the percentage of 
simulations exceeding the significance threshold. Error 
bars represent standard error. Asterisks indicate significant 
deviations from chance levels. For the EBB approach, 
we observed a decrease in classification accuracy with 
increasing co-registration errors. We did not observe any 
significant changes in classification bias with varying 
co-registration errors for either the whole-brain or the 
ROI-based analysis. For the MSP approach, classification 
accuracy decreased significantly with increasing co-
registration errors. No classification biases were observed 
for either the whole-brain or ROI-based analysis.
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patch sizes (overestimated patch sizes at SNRs -10, -20, 
and -30 dB: p < 0.05, p < 0.01 and p < 0.05; underesti-
mated patch sizes at SNRs of -20 and -30 dB: p < 0.05 
and p < 0.001, respectively) and no classification bias for 
neither congruent or incongruent patch sizes at all SNRs 
that enable statistically significant laminar inference 
(-30 dB or higher).

3.7.  Interfering brain noise sources

Next, we investigated the impact of internal noise sources 
on our ability to accurately infer the laminar origin of the 
simulated sources. To this end, we modelled sensor 
activity from a laminar cortical source of interest at an 
SNR of -5  dB and added concurrent weaker noise 
sources on the mid-cortical surface. We simulated the 
sensor activity for a dense OPM-MEG array with an inter-
sensor distance of 25 mm and single-axis sensors and 
again applied the whole-brain and ROI-based laminar 
inference analyses for EBB and MSP source reconstruc-
tion approaches. Results are summarised in Figure 8.

For the EBB source reconstruction approach and the 
whole-brain analysis, we were not able to infer the lami-
nar origin of the simulated sources (correct  =  54.17%, 
p = n.s.) and observed a strong bias to the deep surface 

(white matter = 87.50%, p < 0.00001). This contrasts with 
our results for the ROI analysis, which showed a  
high classification accuracy (EBB: correct  =  91.67%,  
p < 0.00001) and no bias (pial = 50.00%, n.s.). For the 
MSP source reconstruction approach, the whole-brain 
analysis similarly showed a low classification accuracy, 
which, however, was still above chance level (cor-
rect  =  60.83%, p  < 0.05), and laminar inference was 
biased towards the deep surface (white matter = 76.67%, 
p  < 0.0001). For the ROI analysis, the MSP approach 
yielded a high classification accuracy (correct = 93.33%, 
p  < 0.00001) and showed no classification bias (pial = 
51.67%, n.s.).

3.8.  Alternative generative model (AGM)

We next investigated the impact of using different forward 
models for data generation and source reconstruction 
using an AGM with slightly adapted OPM sensor posi-
tions and spacing of dipoles along the cortical surfaces. 
Results are summarised in Figure 9. For the EBB source 
reconstruction approach at high SNRs, laminar inference 
accuracy was lower when using the AGM for simulations 
than when the same GM was used for both data genera-
tion and inversion (two-sided exact McNemar’s tests, 

Fig. 7.  Whole-brain free energy analysis laminar inference with congruent and incongruent patch sizes for an OPM-
MEG array with a sensor spacing of 35 mm. Purple lines denote simulations where the reconstructed patch size matches 
the simulated patch size (solid = 5 mm, dashed = 10 mm), red lines are where patch size is either over- (solid) or 
underestimated (dashed). The left column shows correct laminar inferences; the right column shows inferences favouring 
the pial source model. Line colour intensity indicates the percentage of simulations exceeding the significance threshold. 
Error bars represent standard error. Asterisks indicate significant deviations from chance levels. As SNR increased, 
classification accuracy was reduced for both source reconstruction approaches when the patch size was under- or 
overestimated. With increasing SNR, congruent patch sizes resulted in a bias towards the deep surface for the EBB 
approach. Overestimation of patch sizes reduced this bias, while underestimation of patch sizes led to an even stronger 
bias towards the deep surface. The MSP approach showed no bias as SNR increased, irrespective of whether congruent 
or incongruent patch sizes were used.
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whole-brain: p < 0.05 at an SNR of -5 dB; ROI: p < 0.05 at 
SNRs of -5 and -10 dB). However, overall classification 
performance was relatively comparable. For the MSP 
approach, the whole-brain analysis showed a marked 
decrease in laminar inference accuracy (two-sided exact 
McNemar’s tests, whole-brain: p  < 0.0001 for SNRs of 
-30  dB or higher), with accuracy at chance level for all 
SNRs except the highest SNR of -5dB. We hypothesise 
that the sharp decrease in classification accuracy under 
the AGM model arises from the prior patches used in MSP 
source inversion no longer aligning with the actual source 
locations. This misalignment likely reduces overall model 

evidence and poses additional challenges for laminar 
inference. Remarkably, classification performance for the 
ROI-based analysis was not affected by using the AGM 
instead of the GM for source generation.

4.  DISCUSSION

We evaluated the efficacy of forward models with a high-
precision cortical source space consisting of deep and 
superficial cortical surfaces (Bonaiuto, Rossiter, et  al., 
2018; Meyer et  al., 2017; Troebinger, López, Lutti, 
Bestmann, & Barnes, 2014; Troebinger, López, Lutti, 

Fig. 8.  Laminar source discrimination in the presence of interfering brain noise sources. We used a dense OPM-MEG 
array with an inter-sensor distance of 25 mm and simulated sensor activity at a relatively high SNR of -5 dB to mimic a 
best-case scenario. Left column: The difference in free energy between the pial and white matter generative models in 
each simulation. Right column: t-values for the difference between pial and white matter ROI values for each simulation. 
Each panel shows simulations with pial surface sources on the top row, and simulations with white matter surface sources 
on the bottom row. For the (A) EBB and (B) MSP source reconstruction approach, the whole-brain analysis similarly 
showed a low classification accuracy and a bias towards the deep surface, while the ROI-based analyses yielded high 
classification accuracies and showed no classification bias.
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Bradbury, et al., 2014) in achieving laminar discrimination 
using on-scalp OPM sensors. We find that adequate lam-
inar inference can be achieved with relatively few sensors 
at coarse spatial samplings (>50 mm) and moderate-to-
high SNRs and demonstrate the benefit of positioning the 
sensors closer to the scalp. For the EBB approach, clas-
sification accuracy improved with increasing spatial sam-
pling densities and measurement axes. For the MSP 
approach, classification performance was near-ceiling for 
SNRs of -30dB or higher and unattainable at lower SNRs, 
regardless of the spatial sampling employed.

As expected, we observed that laminar inference was 
vulnerable to over- and underestimation of source patch 
sizes, co-registration errors, and interfering brain sources. 
The biases observed in laminar inference also warrant 
caution. We found strong biases towards both the super-
ficial and deep surfaces, particularly at very low SNRs, 
although these biases did not typically reach statistical 

significance. Furthermore, the EBB approach, when 
combined with whole-head free energy analysis, exhib-
ited a notable bias towards the deep surface, particularly 
at high SNRs. Since at high SNRs, beamformer images 
tend to be more focal (Hillebrand & Barnes, 2003), we 
propose that the denser sampling of the deep surface 
could be advantageous in such scenarios.

Based on our findings, we recommend using either the 
MSP approach or adopting the ROI-based analysis for 
the EBB approach, as it demonstrated higher classifica-
tion accuracy than the whole brain analysis without 
exhibiting a bias towards the white surface. However, we 
note that the excellent performance of the MSP approach 
at SNRs above -30 dB can be partially attributed to the 
distinct advantage of its source space priors, which 
include the patches where sources were simulated. Fig-
ure  9 provides evidence that such an idealised setting 
can lead to overly optimistic results. In these additional 

Fig. 9.  Laminar inference using an alternative generative model (AGM) for source generation. We constructed an 
alternative forward model (AGM) with slightly altered sensor locations and dipole locations on the cortical surfaces for 
source simulation and compared its performance with the forward (or generative) model (GM) used for both MEG data 
generation and reconstruction in the simulations in the main manuscript. Simulations were performed for an OPM sensor 
array with an inter-sensor distance of 55 mm and single-axis sensors. Solid lines denote laminar inference based on 
the whole-brain free energy analysis; dashed lines denote laminar inference based on the ROI-t-statistic analysis. The 
left column shows the percentage of correct laminar inferences, the right column shows the percentage of simulations 
where laminar inference favoured the pial source model. The percentage of simulations with free energy differences or 
t-statistics exceeding the significance threshold is represented by the intensity of the line colour. The error bars represent 
the standard error. Asterisks show where the percentage is significantly above or below chance levels. For the EBB 
source reconstruction approach, laminar inference performance was slightly lower when using the AGM compared 
with simulations where the same forward model (GM) was used for both MEG data generation and reconstruction at 
high SNRs, but overall, the performance was otherwise comparable. For the MSP source reconstruction approach, we 
observed a dramatic decrease in classification accuracy for the whole-brain analysis, while no significant differences in 
laminar inference were observed between the AGM and GM simulations for the ROI-based analysis.
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simulations, we use a slightly modified alternative for-
ward or generative model (AGM) for data generation and 
thereby avoid the “inverse crime” of using the same 
source space for generating and reconstructing the data 
(Wirgin, 2004). Notably, while the whole-brain analysis 
was significantly impacted by using an AGM instead of 
the same forward model for both data generation and 
reconstruction, the classification performance for the 
ROI-based analysis remained unaffected.

Regardless of the chosen approach, ensuring ade-
quate SNR through an appropriate number of trials and 
shielding, as well as maintaining precise co-registration 
accuracy, is crucial. Bayesian model comparison across 
various patch sizes can assist in the decision-making 
process of selecting a suitable patch size (Bonaiuto, 
Meyer, et al., 2018). In the following section, we discuss 
the results in more detail.

4.1.  Number of sensors

As expected, increasing spatial sampling density led to 
increased classification accuracy, in line with previous 
studies that have shown increased spatial resolution for 
source-reconstructed activity with increasing sensor 
counts for SQUID-MEG (Vrba et  al., 2004) and OPM-
MEG (Boto et  al., 2016; Clancy et  al., 2021; Iivanainen 
et  al., 2017; Nugent et  al., 2022). However, our finding 
that laminar inference is possible at a low sensor count of 
32 sensors was somewhat surprising given that previous 
studies have suggested that approximately 300 sensors 
are needed to achieve a spatial discrimination of 2 to 
2.5 mm (Boto et al., 2016; Tierney et al., 2020). We argue 
that employing forward models with high-precision 
source spaces—defined by the deep and superficial cor-
tical surfaces—enabled us to exploit the small differences 
in leadfields between the two source surfaces and thus 
effectively enhanced the spatial resolution.

4.2.  Number of measurement axes

Classification accuracy increased with the number of 
measurement axes, consistent with findings that increas-
ing the number of axes results in increased information 
content (Iivanainen et al., 2017) and better spatial cover-
age (Boto et al., 2022; Brookes et al., 2021). As expected, 
the benefit of multiple axes was more pronounced at 
lower inter-sensor distances, where undersampling of 
higher spatial frequency features leads to unexplained 
noise due to signal aliasing. Note that our simulations 
did not include external noise sources, and the advan-
tage of dual-axis and triaxial sensors is likely to be even 
greater in the presence of such interference (Brookes 
et al., 2021).

4.3.  Impact of sensor–scalp offset distance

One of the fundamental assumptions behind the postu-
lated potential of OPMs for non-invasive electrophysiol-
ogy is that sensors closer to the scalp will increase the 
sensitivity to cortical sources, resulting in higher infor-
mation capacities and spatial resolution as well as better 
source separability compared with conventional MEG 
(Iivanainen et al., 2017; Riaz et al., 2017; Tierney et al., 
2020). Our simulations indicate that decreasing the 
scalp–sensor offset indeed increases classification 
accuracy. In some instances, specifically at a noise level 
of 300 dB added Gaussian noise for the EBB approach 
and at a noise level of 1000 dB added Gaussian noise for 
the MSP approach, the scalp–sensor offset was decisive 
in whether classification accuracy was above chance 
level or free from significant classification bias, empha-
sising the potential of on-scalp sensors such as OPMs 
for improving the accuracy and reliability of laminar 
inference.

4.4.  Impact of co-registration errors

Classification accuracy decreased with increasing co-
registration errors for both source reconstruction 
approaches. However, laminar inference remained possi-
ble for fiducial errors of up to 4 mm, depending on SNR, 
sensor density, as well as the source reconstruction 
approach and laminar inference analysis used.

Here we modelled co-registration errors for a rigid 
sensor array, that is, we assume systematic shifts due to 
fiducial localisation errors like in SQUID-MEG, rather 
than random sensor localisation or orientation errors. 
The latter can have a more detrimental effect on source 
reconstruction accuracy (Hill et  al., 2020). Zetter et  al. 
(2018), using random displacement errors, proposed a 
cut-off of 4 mm sensor position and 10° sensor orienta-
tion RMS errors for acceptable mis-co-registration, not-
ing that at larger co-registration errors, the advantage of 
on-scalp MEG may be lost. Troebinger, López, Lutti, 
Bestmann, and Barnes (2014), in a simulation study 
based on a SQUID-MEG rigid helmet, added rotation or 
pure translation to fiducial locations and suggested a 
cut-off of less than 2 mm/2° of fiducial error for accurate 
laminar inferences. Localising sensors with this degree 
of accuracy is challenging but feasible, as shown for co-
registration between on-scalp MEG and MR images (Cao 
et al., 2021; Zetter et al., 2019). Even higher accuracy, 
with errors below 0.5 mm, may be necessary for localis-
ing multiple, dependent sources with added noise 
sources (Nugent et al., 2022). For experimental setups, 
the use of rigid measurement helmets in conjunction with 
co-registration devices with an excellent accuracy, such 
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as structured-light or laser scanners, will be critical to 
reach the necessary co-registration accuracies.

Co-registration errors are not the only errors that will 
affect forward model accuracy and, consequently, locali-
sation accuracy. It is worth noting that we did not evalu-
ate the impact of crosstalk and gain errors (Duque-Muñoz 
et al., 2019), orientation errors, or cross-axis projection 
errors (Borna et al., 2022; Iivanainen et al., 2019; Robinson 
et al., 2022).

4.5.  Patch size incongruencies

We have replicated previous findings that over- or under-
estimation of patch sizes can decrease classification 
accuracy and bias laminar results (Bonaiuto, Rossiter, 
et al., 2018; Troebinger, López, Lutti, Bestmann, & Barnes, 
2014). Compared with congruent patch sizes, overesti-
mation of patch sizes resulted in a shift towards pial clas-
sification, rendering the classification bias non-significant, 
while underestimation of patch sizes led to an even stron-
ger bias towards the deep surface. We note that these 
shifts in bias with incongruent patch sizes were not sta-
tistically significant at any SNR as evaluated with the 
exact McNemar’s test. However, these results are consis-
tent with earlier findings, and we interpret them as fol-
lows: larger patch sizes and deeper sources both lead to 
spatially more spread-out sensor signals, and underesti-
mation of patch sizes and the resulting unexpected lower 
spatial frequencies at the sensor level can be explained 
by assigning a source to the deep cortical surface. Simi-
larly, a sensor topography more focal than expected from 
overestimated patch sizes can be explained by assigning 
a source to the superficial surface (Troebinger, López, 
Lutti, Bestmann, & Barnes, 2014). Even though the 
ground truth regarding the source extent is unknown for 
experimental data, the optimal patch size for the laminar 
inference procedure can be determined by comparing 
the model evidence across varying reconstruction patch 
sizes for a forward model with combined deep and super-
ficial surfaces (Bonaiuto, Meyer, et al., 2018).

4.6.  Interfering brain noise sources

We next investigated laminar classification performance 
in the presence of five interfering brain noise sources on 
the mid-cortical surface. We observed that, despite 
employing a favourable setup with high SNR and dense 
sensor sampling, the whole-brain analysis was unable to 
successfully recover the laminar origin of the source of 
interest. Performance accuracy of the ROI-based 
approach remained high and did not show any bias in the 
presence of noise sources. We note that the laminar 
source of interest had a larger SNR than the interfering 

noise sources, and the activity-based ROI was thus 
mostly defined by the source of interest, effectively mask-
ing the noise sources. We further highlight that while we 
modelled the interfering brain noise sources at the mid-
cortical layer, no surface for this mid-cortical layer was 
incorporated into the source space of the forward model. 
Such forward models with a more fine-grained laminar 
resolution offer an exciting perspective for future studies.

4.7.  Alternative approaches to infer laminar  
MEG activity

As we conclude this paper, we would like to highlight 
some alternative approaches to inferring the laminar ori-
gin of simulated current dipoles. While we were able to 
successfully infer the laminar origins of simulated current 
dipoles using OPM-MEG sensor arrays at relatively low 
spatial sampling densities, other methods have also been 
proposed.

Pinotsis et  al. (2017) and Pinotsis and Miller (2020) 
employed dynamical causal modelling (DCM), with mod-
elling parameters set based on estimates from intracra-
nial data, and statistical decision theory to infer the 
laminar sources of non-invasive electrophysiological sig-
nals. However, the authors note that applying laminar 
DCM to non-invasive data is challenging due to the high 
collinearity of these parameters, and their results could 
not be replicated across datasets (Pinotsis & Miller, 2020). 
In a proof-of-principle study, Ihle et al. (2020) combined 
DCM and a nested laminar forward model to recover the 
laminar origin of a cortical current source. Yet, their 
approach was restricted to a single dipole pair at a known 
spatial location, limiting their applicability to more realis-
tic scenarios.

A promising path towards non-invasive laminar infer-
ence could be to combine classical dipole fitting or 
beamformer source reconstruction with high-density 
OPM arrays. Recent simulation work (Nugent et al., 2022) 
estimated that a densely packed magnetocorticography 
array of 56 OPM sensors would be able to localise multi-
ple electrophysiological brain responses at a millimetre 
resolution.

5.  CONCLUSION

We conducted simulations to investigate the potential of 
on-scalp OPM sensors combined with high-precision 
source space modelling for inferring the laminar origins of 
neural activity. Our findings demonstrate the advantage 
of positioning the sensors closer to the scalp and indi-
cate that OPM arrays can achieve laminar inference with 
relatively low sensor counts and moderate-to-high SNRs. 
These results provide guidance on the requirements for 
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OPM-MEG systems to achieve effective laminar source 
localisation.
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