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Global sensitivity of EEG source analysis to tissue conductivity uncertainties
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Introduction: To reliably solve the EEG inverse problem, accurate EEG forward solutions based on a detailed, individual volume conductor model of the head are essential. A crucial—but often neglected—aspect in generating a volume conductor model is the choice of the tissue conductivities, as these may vary from subject to subject. In this study, we investigate the sensitivity of EEG forward and inverse solutions to tissue conductivity uncertainties for sources distributed over the whole cortex surface.

Methods: We employ a detailed five-compartment head model distinguishing skin, skull, cerebrospinal fluid, gray matter, and white matter, where we consider uncertainties of skin, skull, gray matter, and white matter conductivities. We use the finite element method (FEM) to calculate EEG forward solutions and goal function scans (GFS) as inverse approach. To be able to generate the large number of EEG forward solutions, we employ generalized polynomial chaos (gPC) expansions.

Results: For sources up to a depth of 4 cm, we find the strongest influence on the signal topography of EEG forward solutions for the skull conductivity and a notable effect for the skin conductivity. For even deeper sources, e.g., located deep in the longitudinal fissure, we find an increasing influence of the white matter conductivity. The conductivity variations translate to varying source localizations particularly for quasi-tangential sources on sulcal walls, whereas source localizations of quasi-radial sources on the top of gyri are less affected. We find a strong correlation between skull conductivity and the variation of source localizations and especially the depth of the reconstructed source for quasi-tangential sources. We furthermore find a clear but weaker correlation between depth of the reconstructed source and the skin conductivity.

Discussion: Our results clearly show the influence of tissue conductivity uncertainties on EEG source analysis. We find a particularly strong influence of skull and skin conductivity uncertainties.
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1 Introduction

Electroencephalography (EEG) is a frequently used tool for functional brain imaging in both research and clinical care (Brette and Destexhe, 2012). A huge advantage of EEG over, e.g., functional magnetic resonance imaging (fMRI), is its time resolution in the millisecond range. To localize the brain activity underlying a measured signal it is necessary to solve the EEG inverse problem (Knösche and Haueisen, 2022). As a prerequisite for solving the EEG inverse problem, it is necessary to model the propagation of the electric fields evoked by brain activity through the head tissues, which are measured as the EEG signal at the head surface (EEG forward problem). Accurately solving the EEG forward problem is one important factor to reliably solve the EEG inverse problem (others are, e.g., the choice of an adequate inverse method).

The EEG forward problem is commonly solved using numerical methods, such as the boundary element method (BEM; Kybic et al. 2005) or the finite element method (FEM; Yan et al. 1991; Buchner et al. 1997), and, therefore, requires a discretized volume conductor model of the head, i.e., a 3d representation of the head distinguishing the different conductive tissues. It was shown that the use of accurate, individual head models distinguishing five or more tissues (skin, skull, cerebrospinal fluid/CSF, gray matter, white matter) is important to obtain accurate EEG forward solutions (Vorwerk et al., 2014; Nielsen et al., 2023), which, in consequence, are essential for accurate EEG inverse solutions (Ramon et al., 2006; Cho et al., 2015; Neugebauer et al., 2017; Asadzadeh et al., 2020; Azizollahi et al., 2020). However, besides the geometrical accuracy of the head model, also the values chosen for the tissue's electrical conductivities influence the obtained EEG forward solution. Neglecting interindividual variations of these conductivities in the computation of the EEG forward solution may therefore lead to inaccurate EEG inverse solutions (Vanrumste et al., 2000; Chen et al., 2010; Akalin Acar and Makeig, 2013; Aydin et al., 2014; Vorwerk et al., 2019a). Such interindividual variations may, e.g., occur due to age or disease state (Akhtari et al., 2002; McCann et al., 2019; Antonakakis et al., 2020). Conductivity calibration based on electrical impedance tomography (EIT), EEG, or combined EEG/MEG has been proposed as a means to alleviate the influence of conductivity uncertainties (Huang et al., 2007; Acar et al., 2016; Fernández-Corazza et al., 2017). Most of these studies focused on fitting the skull conductivity, but it is unclear whether the dependency on the skull conductivity is similarly strong for all source positions and whether fitting the skull conductivity is thus always the optimal choice.

Sensitivity studies allow estimating to what extent variations of the tissue conductivities influence the results of EEG forward solutions. So far, studies found that variations of skin and skull conductivities have the strongest influence for the EEG (Gençer and Acar, 2004; Vallaghé and Clerc, 2008; Vorwerk et al., 2019a). However, to the best of our knowledge, existing EEG sensitivity studies only investigated a few source positions that were assumed to be representative. Especially in highly-detailed head volume conductor models, as they are more and more frequently used nowadays (Buzzell et al., 2017; Piai et al., 2017; Staljanssens et al., 2017; Gao et al., 2019; Zaky et al., 2023), the choice of the source positions might have a strong influence on the results of the sensitivity analysis.

In this study, we investigate the sensitivity of EEG forward solutions to conductivity variations for sources distributed over the whole cortex surface. Furthermore, we investigate the sensitivity of EEG inverse solutions to the same conductivity variations, and determine to what extent changes of the EEG inverse solution correlate with the sensitivity of the EEG forward solutions to tissue conductivity variations.



2 Materials and methods


2.1 Head model

We generated a head model based on the segmentations provided for the New York Head (https://www.parralab.org/nyhead/). The segmentations of brain and non-brain tissues are based on the symmetric ICBM-152 v2009 and the symmetric ICBM-152 v6 average atlases, respectively (https://nist.mni.mcgill.ca/atlases/), whereas the lower parts of the head are from a separate segmentation (Huang et al., 2016). We slightly modified the segmentations to ensure a minimal thickness of the gray matter of 2.5 mm. Furthermore, we reduced the number of tissue compartments to five (white matter, gray matter, CSF, skull, skin). We used SimNIBS 4 (https://simnibs.github.io/simnibs/; Puonti et al. 2020) for head mesh generation and to obtain gray matter, white matter, and central cortex surfaces for both hemispheres that will be used for source space construction and visualization. We chose to generate an especially fine mesh structure in the gray and white matter volumes; the resulting tetrahedral head mesh consisted of 3,473,632 nodes and 20,703,247 elements (see Figure 1, left). We used the electrode positions provided with the New York Head to create a realistic sensor configuration corresponding to a 10-10 layout, resulting in 80 electrode positions.


[image: Figure 1]
FIGURE 1
 Visualization of the FEM head model showing electrode positions (red) and (from outside to inside) skin, skull, CSF, gray matter, and white matter surfaces (left). Lateral and medial view of source depth (distance to inner skull surface) visualized on inflated left cortex surface (right).




2.2 Source spaces and EEG forward simulations

We created the source space for this study based on the central surface of the cortex obtained from SimNIBS, which is the estimated surface in the middle of gray matter/CSF and gray/white matter boundaries. It has to be observed that this central surface represents a closed surface for each hemisphere, i.e., the hemispheres are split at the corpus callosum. Furthermore, these surfaces also cover some deep brain regions that could be attributed to subcortical brain structures such as the thalamus or the basal ganglia, whereas brainstem and cerebellum are excluded. Due to the symmetry of the underlying segmentation, we only considered the left hemisphere. For reasons of computational efficiency, we downsampled the surface to 34,997 vertices.

To achieve high numerical accuracy in our forward simulations, we ensured that for all source positions the closest node of the head mesh is fully contained in the gray matter compartment, i.e., all mesh elements this node is part of have to belong to the gray matter compartment (Vorwerk et al., 2019b). Source positions for which this was initially not the case were shifted toward the closest node fully contained in the gray matter compartment until this condition was fulfilled. For each source position, we calculated the surface normal as a physiologically plausible source direction at this position. We refer to this source space as sources_cortex. For visualization purposes, we created an inflated version of the central cortex surface underlying this source space.

To avoid an inverse crime when evaluating the sensitivity of EEG source analysis to conductivity uncertainties, we created a second source space based on the dual mesh of the source space sources_cortex. This means that the source positions for this second source space are the triangle centers of the cortex surface on which the original source space sources_cortex is based. The resulting source space consists of 69,990 vertices; we refer to this source space as sources_cortex*. sources_cortex* is used for all inverse calculations, whereas sources_cortex is used for the forward simulations. Again, we ensured that the closest node of the volume conductor model for all source positions of sources_cortex* is fully contained in the gray matter compartment. On average, the distance between a node of sources_cortex* and the closest node in sources_cortex is 0.8 mm, which is the average minimal localization error, accordingly.

We used the FEM multipole approach for all forward simulations, as it was shown to achieve high numerical accuracy with a high computational efficiency (Vorwerk et al., 2019b). The multipole approach was implemented based on the FieldTrip-SimBio pipeline (Vorwerk et al., 2018).



2.3 EEG forward problem sensitivity analysis

We mostly rely on Monte Carlo approaches for our sensitivity analysis. To handle the large number of forward simulations for different conductivity values necessary for the sensitivity/uncertainty analysis, we employ generalized polynomial chaos (gPC) expansions (Vorwerk et al., 2019a). Based on predefined probability distributions and precomputed forward solutions generated for corresponding sets of conductivities, gPC expansions allow to rapidly approximate accurate forward simulations for arbitrary conductivity values. We used UQLab 2.0 to perform the gPC calculations in this study (https://www.uqlab.com/; Marelli and Sudret 2014). The details of the used gPC approach are described in Vorwerk et al. (2019a).

As in Vorwerk et al. (2019a), we chose uniform distributions for all tissue conductivities considered uncertain. The uniform distribution represents minimal knowledge about the distribution of these conductivities. The intervals within which each conductivity could vary are shown in Table 1; the CSF conductivity was not considered uncertain as it was shown to have a negligible inter-individual variation (Baumann et al., 1997).


TABLE 1 Tissue conductivity intervals (mS/m).

[image: Table 1]

With four tissue conductivities varying uniformly within the ranges indicated in Table 1, it is of interest to estimate the contribution of each of the four uncertain tissue conductivities to the overall variation of the EEG forward solution. Therefore, we use Sobol indices (Sobol, 2001). These are defined as

[image: image]

i.e., the Sobol index Si1, …, is is defined as the ratio between the variance caused by the interaction of the subset of input parameters {i1, …, is}⊂{1, …, n} and the overall variance. It is important to note that 𝕍(i1, …, is) only includes the variance caused by the interaction of the subset of indices i1, …, is but not the contributions that can be attributed to a single variable or a smaller subset of these variables. For example, for a second-order Sobol index Si, j, the variance 𝕍(i, j) does not include the variances 𝕍(i) and 𝕍(j) that can be attributed to either i or j individually.

In this study, we focus on first- and second-order Sobol indices, i.e., the share of variance caused by the uncertainty of a single uncertain tissue conductivity or the share of variance caused by the uncertainty of two conductivities that cannot be attributed to the uncertainties of a single conductivity, respectively. We further consider total-effect or full Sobol indices, [image: image], for which all Sobol indices involving a certain input parameter i are summed up:
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The Sobol indices were computed with UQLab using a Monte Carlo approach with 50,000 samples per parameter. We found that this number of samples guaranteed a more than sufficient convergence of the Sobol indices for the requirements of this study. To calculate the Sobol indices, the Janon estimator was used (Janon et al., 2014, Equation 2.6), which has optimal asymptotic variance and is robust against model perturbations. Further details regarding the calculation of the Sobol indices are provided as Supplementary material. Furthermore, we would like to refer the interested reader to the original publication of Janon et al. (2014) or the UQLab User Manual (https://uqftp.ethz.ch/uqlab_doc_pdf/2.0.0/UserManual_Sensitivity.pdf) for additional information.

In the sensitivity analysis of EEG forward simulations, we have the challenge that we do not have a single output parameter, but each computed electrode potential is a separate output parameter. To allow for a comprehensible and easily interpretable evaluation of the Sobol indices, we introduce the relative difference measure (RDM) and the magnitude error (MAG) (Meijs et al., 1989). Computing these error measures in comparison to a reference solution, it is possible to express the topography and magnitude change of the set of electrode potentials through a single parameter for each source position. Interpreting RDM and MAG as functions of the conductivities, we can then compute the Sobol indices for the changes of RDM and MAG, expressing the influence of changes in each tissue conductivity on signal topography and magnitude. A similar approach was previously used by Vallaghé and Clerc (2008). As a reference solution, we use the forward solution for the standard conductivity values indicated in Table 1.

RDM and MAG are defined as follows:

[image: image]

where utest corresponds to the vector of electrode potentials for varied conductivities and uref corresponds to the vector of electrode potentials for standard conductivities.

The RDM represents the change in signal topography in comparison to the reference solution, which was shown to be linked to source localization accuracy, whereas the MAG defines the change in signal magnitude. In most applications of EEG source analysis, only the change of signal topography is of relevance, whereas there are only a few cases where the exact source magnitude is of interest. Thus, we mainly focus on the RDM evaluations in this study.



2.4 EEG source analysis sensitivity analysis

To evaluate the influence of conductivity uncertainties on EEG inverse solutions, we performed forward simulations for 1,000 randomly drawn sets of conductivities. Following, for each source position, we calculate inverse solutions using the source space sources_cortex* and a leadfield matrix obtained with standard conductivity values. This scenario corresponds to the common problem of EEG source analysis that the actual tissue conductivities that influence the measurement result are unknown, while the EEG source analysis is performed using conductivity values from the literature. The resulting 1,000 source localizations per source position can then be evaluated to investigate the sensitivity of the EEG inverse solution to conductivity variations.

As an inverse method, we used goal function scans (GFS) with a free source orientation, i.e., the source position i in the source space for which

[image: image]

is maximal is selected as the reconstructed source location. Here, umeas is the (simulated) measurement result, ||·||2 is the Euclidian norm, Li = L(xi) is the #sensors×3 leadfield matrix for position xi, i.e., a matrix containing the forward simulation results for dipoles with moments oriented in each of the three cartesian directions at the source position, and [image: image] its Moore-Penrose inverse. In a single dipole scenario, as it is given in our simulation study, the GFS reliably finds the source position that optimally explains the data (Knösche, 1997; Fuchs et al., 1998).

To evaluate the influence of the conductivity uncertainties on the source localization, we calculate and visualize the average localization error, i.e., the distance between source localization and original source position, for the 1,000 sets of conductivities at each source position. This allows to understand how much the conductivity variations affect the accuracy of the source localization for each source position. We further calculate and visualize the ratio between the difference in source depth and the localization error and again take the average over all sets of conductivities to analyze to what extent the localization error can be explained by a change in source depth. Here, “change in source depth” denotes the absolute value of the difference between the source depth of the original source and the source depth of the reconstructed source.

To understand the influence of the variation of each tissue conductivity on the source localization, we calculate and visualize the correlation between deviations of each conductivity from the average conductivity and distance of the source reconstruction to the center of the point cloud of source localizations, and the correlation between each conductivity and the source depth. Again, these measures are calculated for each source position in sources_cortex.

The Sobol indices computed as described in Section 2.3 only indicate which tissue conductivities contribute most to the variation of an output parameter, but not how strongly this output parameter varies overall. To understand the dependency between RDM and source analysis accuracy, we calculate the RDM for all source positions and all 1,000 considered sets of conductivities, and visualize the average RDM and the correlation between localization error and RDM for each position in source space sources_cortex.



2.5 Evaluation

We employ two kinds of evaluation in this study. On the one hand, we visualize the results directly on an inflated cortex surface. This allows to visually identify the most affected brain areas. On the other hand, we plot the median Sobol indices and the corresponding 50% confidence interval, i.e., the interval between upper and lower quartile, as a function of the source depth. In this case, the source depth is calculated as the distance from the source position to the inner skull surface. These plots allow to identify in how far the source depth affects the sensitivity of the forward solution toward the different conductivities. Similar plots are also created for the correlation between the tissue conductivities and source localization error/source depth as a function of the source depth.

Figure 1 (right) allows to understand the distribution of source depths, which is necessary to interpret these plots. Unlike in spherical models, there is no unique definition of source depth in realistically shaped head models. In this study, we chose to define source depth as the distance of a source position to the inner skull surface. We chose this definition over the also frequently used distance to the outer skin surface, as it led to better interpretable results when plotting effect measures as a function of source depth. In result, some source positions that would usually be considered as “deep”, e.g., in the medial temporal lobe, are classified as rather superficial in our study, as they are close to the base of the skull. Furthermore, Figure 1 (right) shows that source depths smaller than 5 mm correspond to sources on top of gyri, which can be assumed to mostly have a quasi-radial orientation. An exception are sources at the inferior surfaces of frontal and temporal lobe, which have a rather quasi-tangential orientation. Sources up to a depth of 30 mm correspond to sources inside of sulci, which are assumed to be mostly located on sulcal walls and have a quasi-tangential orientation in consequence. However, for source depths of about 15–30 mm this also includes sources at the bottom of sulci, which again have a rather quasi-radial orientation. Sources at depths of 30 mm and deeper mostly correspond to source positions in the insula, the longitudinal fissure and subcortical regions.

As our plots are based on the median and upper and lower quartile, the results should be stable against outliers and especially the median should represent the results for the dominant type of sources at each source depth well. This would correspond to quasi-radial sources for source depths smaller than 5 mm, quasi-tangential sources for source depths of about 5–30 mm, and sources in the insula and the longitudinal fissure for larger source depths.




3 Results


3.1 EEG forward problem
 
3.1.1 Signal topography

In this section, we analyze the sensitivity of the topography of EEG forward solutions toward tissue conductivity variations. Therefore, we calculated the Sobol indices of the RDM in comparison to a reference solution (see Equation 3). Figure 2 shows that the skull conductivity clearly has the strongest influence on the signal topography for nearly all source depths. Looking at the first-order and the second-order skin-skull interaction Sobol indices (Figure 2, left), we find a median skull conductivity Sobol index of about 60% for source positions with a depth of up to 35 mm, which includes basically all source positions except those deep in the longitudinal fissure and in subcortical regions (see Figure 1, right). Besides, we also find a strong influence of the skin-skull interaction for rather superficial sources. The median of this second-order Sobol index is at about 20% for the most superficial sources and gradually decreases for deeper sources. All other Sobol indices are below 10% for superficial and medium-deep sources. For sources deeper than 35 mm, e.g., sources deep in the longitudinal fissure, the sensitivity toward the white matter conductivity clearly increases, whereas the skull and skin-skull Sobol indices decrease.


[image: Figure 2]
FIGURE 2
 Median and 50% confidence interval of first-order and skin-skull second-order (left) and full (right) Sobol indices for signal topography/RDM plotted as a function of source depth.


The full Sobol indices (Figure 2, right), i.e., the sum of all variations attributed to one parameter (see Equation 2), underline the dominant influence of the skull conductivity for all sources that are not very deep even more. The median full skull conductivity Sobol index is higher than 80% for source depths smaller than 30 mm. As a result of the skin-skull conductivity interaction, also the full skin conductivity Sobol index is significant at a value of 30% for the most superficial sources. For deep sources, again, the sensitivity toward the white matter conductivity clearly increases.

The visualization of first- and second-order Sobol indices on the cortex surface underlines the influence of the skull conductivity (Figure 3). For large parts of the cortex surface, the Sobol index for the skull conductivity is clearly above 60% (Figure 3, second row). Lower Sobol indices are mainly found on top of gyri and at the bottom of sulci where the Sobol index drops to about 40%. Due to the choice of source orientations normal to the cortex surface, these source positions correspond to quasi-radial sources. Furthermore, the medial view shows small Sobol indices for source positions deep in the longitudinal fissure. For the skin-skull second-order Sobol index, we find sensitivities of about 30% for very superficial sources, whereas the sensitivity gradually decreases for deeper sources. For the skin conductivity, we find generally rather low Sobol indices of around 10% and lower. Here, lower values are especially found for deeper sources at the bottom of sulci and in some areas on top of gyri; higher values are consistently found on sulcal walls. For gray and white matter conductivities, the Sobol indices are almost zero for large parts of the cortex surface. However, strong outliers are found especially on gyral crowns and at sulci bottoms, where these Sobol indices are clearly increased. This corresponds to the positions for which the skull conductivity Sobol index was decreased and where we assume quasi-radial sources. Furthermore, we find increased Sobol indices for gray and white matter conductivities deep in the longitudinal fissure and in subcortical regions as can be seen in the medial view.


[image: Figure 3]
FIGURE 3
 First-order and skin-skull second-order Sobol indices for signal topography visualized on inflated cortex surface; (fronto-)lateral (left column) and medial (right column) view. Please observe the different scalings of the colorbar.


Visualizing the full Sobol indices (Figure 4), the predominance of the sensitivity toward the skull conductivity gets even more clear. Only for a few areas this sensitivity drops below 75%. Due to the addition of the skin-skull Sobol index, also the full skin Sobol index has a value of around 50% for large parts of the cortex surface. We especially find a notable decrease in the sensitivity to the skin conductivity on top of gyri and at the bottom of sulci. Gray and white matter conductivities again only show a significant sensitivity in a few areas, such as some gyral crowns and sulci bottoms.


[image: Figure 4]
FIGURE 4
 Full Sobol indices for signal topography visualized on inflated cortex surface; (fronto-)lateral view.




3.1.2 Signal magnitude

To evaluate the influence of conductivity uncertainties on the signal magnitude, we calculated the Sobol indices for the MAG (see Equation 3). Figure 5 shows the strongest influence for skull and gray matter conductivities. Furthermore, we observe that first-order and full Sobol indices are almost identical, as the higher-order interactions are negligible for the signal magnitude. Therefore, we only discuss the full Sobol indices here and also only provide the cortex plots for the full Sobol indices.


[image: Figure 5]
FIGURE 5
 Median and 50% confidence interval of first-order (left) and full (right) Sobol indices for signal magnitude/MAG plotted as a function of source depth.


For the most superficial sources, we find the strongest influence for the skull conductivity with a Sobol index of about 50%. For the influence of the gray matter conductivity, we find a Sobol index of about 25% and for the skin conductivity of about 20%. The influence of the white matter conductivity is negligible and stays below 10% at all source depths. For slightly deeper sources of about 5 mm depth, the influence of skin and skull conductivity slightly increases, whereas that of gray matter slightly drops. With increasing source depth, the influence of the gray matter conductivity gradually increases up to a Sobol index of about 40% for sources with a depth of 20 mm and more, whereas the influence of skull and skin conductivities drops to Sobol indices below 40 and 20%, respectively, for sources with a depth of 20 mm and more.

The visualization on the cortex surface (Figure 6) shows the strongest influence of the skull conductivity on the signal magnitude for sources on top of gyri with Sobol indices above 50%. This influence gradually decreases to values around 35% for sources deeper inside the sulci. For the gray matter conductivity, we see the exact opposite with the weakest influence and Sobol indices of about 20–25% on top of gyri and a gradual increase toward values of up to 50% at the bottom of sulci and deep in the longitudinal fissure. For the skin conductivity, we find the same decrease from the top of gyri to the bottom of sulci as for the skull conductivity, just at a clearly reduced level with Sobol indices of about 25% and lower. For the white matter conductivity, we do not find a significant influence except for some deep brain regions visible in the medial view.


[image: Figure 6]
FIGURE 6
 Full Sobol indices for signal magnitude visualized on inflated cortex surface; (fronto-)lateral (left column) and medial (right column) view.





3.2 EEG inverse problem

Analyzing the influence of conductivity variations on EEG source analysis, we first focus on the general localization errors caused by simultaneous variations of all four tissue conductivities considered uncertain and analyze the direction of these localization errors, i.e., in how far these can be explained by an incorrect depth of the reconstructed source position. To understand the relationship between the results obtained in the forward simulation study, we further compare the distribution of the average localization error and the average RDM as well as the correlation between RDM and localization error at each source position. Subsequently, we analyze the correlation between localization errors and conductivity variations to understand which conductivities have the strongest influence on the localization errors.

Figure 7 (top) shows that source positions inside the sulci are clearly more sensitive to localization errors due to conductivity uncertainties than superficial source positions on top of the gyri. We find average localization errors of up to 10 mm for sources deep inside of sulci, whereas the average localization errors remain below 5 mm for superficial sources. For rather superficial sources in the longitudinal fissure we find large localization errors as well, whereas the localization errors for deep brain regions that could be attributed to subcortical structures are small. Visualizing the ratio between change in source depth, i.e., the absolute value of the difference between depth of the original source position and depth of the reconstructed source position, and localization error, i.e., the distance between the original source position and the reconstructed source position, Figure 7 (bottom) shows that for the quasi-tangential sources on the sulcal walls and for sources in the longitudinal fissure the localization error is nearly completely caused by changes in source depth, whereas this is slightly less distinct for the quasi-radial sources at the bottoms of the sulci. For the quasi-radial sources on top of gyri, only a small fraction of the localization error can be explained by changes in source depth.


[image: Figure 7]
FIGURE 7
 Average localization error (top) and the average ratio between the change in source depth and localization error (bottom) visualized on inflated cortex surface; (fronto-)lateral (left column) and medial (right column) view.


Comparing the average localization error (Figure 7, top) and the average RDM for each source position (Figure 8, top) there seems to be no direct relation between the size of the topography errors at a source position due to conductivity variations and the resulting average localization error. The largest average RDMs are found on top of gyri, which are the source positions at which the average localization error is minimal. However, analyzing the correlation between RDM and localization error at each source position (Figure 8, bottom), we find a clear, positive correlation for the source positions for which we also find large localization errors (compare Figure 8, bottom, and Figure 7, top). For sources that are less affected by localization errors in general, we only find a weaker correlation between RDM and localization errors.


[image: Figure 8]
FIGURE 8
 Average RDM (top) and correlation between RDM and localization error, i.e., distance between reconstructed and original source position, (bottom) visualized on inflated cortex surface; (fronto-)lateral (left column) and medial (right column) view.


To understand which tissue conductivities drive the overall localization errors and the changes in source depth, we calculated two different correlation coefficients. For the localization error, we calculated correlation coefficients between the absolute value of the deviation of a tissue conductivity from the mean conductivity for this tissue, |σi−(σmax−σmin)/2|, and the distance of the source localization from the center of the point cloud of source localizations for each source position, [image: image] (Figure 9, left). Taking the absolute value of the deviation was necessary here to be able to properly calculate a correlation, as the localization error can only be measured as a distance to a reference position (in our case the center of the point cloud of source localizations), i.e., the distance is always positive, regardless of whether the conductivity was increased or decreased. For the source depth, it was directly possible to calculate the correlation coefficients between tissue conductivities and depth of the corresponding reconstructed sources (Figure 9, right).


[image: Figure 9]
FIGURE 9
 Median and 50% confidence interval of the correlation coefficient between deviation of tissue conductivities from mean, |σi−(σmax−σmin)/2|, and distance to average source localization (left) and correlation coefficient between tissue conductivity and depth of localized source (right) plotted as a function of source depth.


We find that changes in the skull conductivity have the by far strongest influence on localization errors, with a correlation coefficient of around 0.6 for all source depths. All other correlation coefficients have small values below 0.1 with the skin conductivity having the second highest correlation especially for sources deeper than 1 cm (Figure 9, top). We find a strong negative correlation between skull conductivity and source depth, especially for sources deeper than 1 cm. At the same time, we find a positive correlation of up to 0.3 between changes in skin conductivity and source depth. This means that using a higher skull conductivity for the simulated source leads to a more superficial source localization based on standard conductivities, whereas a higher skin conductivity leads to a deeper source localization. As shown in previous studies, changes in skin and skull conductivities have opposite effects and the effect of the skull conductivity is stronger.

We find an increasing variation in the correlation of skull conductivity and source depth for sources 20 mm and deeper. This is presumably caused by sources already being located relatively deep in sulci, for which a further increase in source depth within the sulci upon a decrease of the skull conductivity is not possible. These sources might then be mislocalized in a different brain structure but at a similar source depth, e.g., in a neighboring sulci, resulting in a reduced correlation coefficient.

Visualizing the correlation coefficients of skin and skull conductivities and source depth shows the strongest correlations for sources inside the sulci and especially on sulcal walls (Figure 10). This correlates to the source positions for which the localization error was mainly driven by an incorrect depth of the reconstructed sources (see Figure 7, bottom). The still relatively high correlation coefficients for sources on top of gyri can be of less relevance, since these source positions were previously found to be more robust against localization errors (see Figure 7, top), so the correlations were probably caused by rather small variations of the source localizations. For deep brain areas the medial view shows inverted correlation coefficients for both skin and skull conductivity. However, due to the generally small average localization errors in these areas (Figure 7, top) and the small influence of skin and skull conductivity on the signal topography for these sources (Figure 3) they presumably have only little influence in practice.


[image: Figure 10]
FIGURE 10
 Correlation coefficient between tissue conductivity and depth of source localization for skin (top) and skull conductivity (bottom) visualized on inflated cortex surface; (fronto-)lateral (left column) and medial (right column) view.





4 Discussion


4.1 EEG forward problem

In this study, we investigated the sensitivity of EEG forward and inverse solutions to conductivity uncertainties. Making use of Sobol indices, we found that variations of the skull conductivity have the by far strongest influence on the topography of EEG forward solutions (Figures 2–4). Furthermore, we found a notable influence of skin conductivity variations, especially through the second-order skin-skull interaction. For very deep sources (source depth of more than 40 mm), which corresponds to sources deep in the longitudinal fissure and in subcortical structures, the sensitivity to white and gray matter conductivity variations increases clearly. For the signal magnitude, we find a strong sensitivity to variations of skull and gray matter conductivities, with an especially strong influence of the skull conductivity for superficial, quasi-radial sources (Figures 5, 6). Furthermore, we find a notable influence of the skin conductivity which is almost constant for all source depths.

These results confirm the results of prior sensitivity studies (Gençer and Acar, 2004; Vallaghé and Clerc, 2008; Vorwerk et al., 2019a). Using realistic three- and four-layer models, Vallaghé and Clerc (2008) found the strongest sensitivity for the skin-skull interaction, whereas we found the strongest sensitivity for variations of the skull conductivity in our study with a clearly lower sensitivity to the skin-skull interaction. However, for EEG source analysis, the variations of skin and skull conductivity were shown to have almost identical effects on localization errors but with opposing directions, and the influence of the skull conductivity was found to be stronger than that of the skin conductivity (Figure 10, Vorwerk et al. 2019a). Thus, it is hard to distinguish between the first-order effects of variations of skin and skull conductivity and the second-order skin-skull sensitivity in a sensitivity study, but the practical implications are the same.

Whereas prior studies investigated the sensitivity of the EEG forward solution toward conductivity variations only for a few sources, we present results for sources positioned on the whole cortex surface and variations of four tissue conductivity in our study. Vallaghé and Clerc (2008) and Vorwerk et al. (2019a) both analyzed a source in the postcentral gyrus, for which it is not directly clear in how far the results are representative for general source positions. Our study shows that the results for such a source can indeed be generalized for most sources on sulcal walls, whereas we find a slightly different sensitivity distribution for sources on top of gyri and at the bottom of sulci. For such sources, the sensitivity toward skin and skull conductivity may be reduced and a higher sensitivity toward variations of gray and white matter conductivities can be found. This corresponds to the results of Gençer and Acar (2004), who found a strong dependency of the sensitivity values on the dipole direction.



4.2 EEG inverse problem

We find the strongest influence of conductivity variations for sources inside of sulci, especially on sulcal walls, and in the longitudinal fissure on EEG source localizations. For these sources, we observe a strong change of the depth of the source reconstruction as a result of conductivity variations (Figure 7). We find average localization errors of up to 1 cm, which corresponds to an extent of the point cloud of source localizations of up to 2 cm. A large amount of these localization errors is caused by incorrect reconstructions of the source depth, i.e., the sources are localized more superficial or deeper on the sulcal wall than the original source position, which makes these mislocalizations relatively predictable. The localization of sources on top of gyri, which mostly have a quasi-radial or partially quasi-radial source orientation, is clearly less affected by conductivity variations. However, only a small amount of these localization errors is caused by an incorrect reconstruction of the source depth, and thus has to be mainly caused by mislocalizations in a direction tangential to the inner skull surface, which could be a mislocalization of the source position along the top of the gyri or to the top of a neighboring gyri. In consequence, this makes these mislocalizations—if they occur—potentially harder to predict than those for quasi-tangential sources.

At all source depths except for very deep brain areas, we find a strong correlation between the localization error and the change in skull conductivity (Figure 10). Investigating the correlation between tissue conductivity variations and the change in source depth, we find a strong negative correlation with the skull conductivity and a positive correlation with the skin conductivity. This means that underestimating the skull conductivity leads to a too shallow source reconstruction and overestimating to a too deep source reconstruction. The opposite effect is found for the skin conductivity. Changes in gray and white matter conductivity neither affected the general localization error nor the source depth.

Our results are in line and expand upon prior studies investigating the influence of tissue conductivity variations on EEG source localizations (Vanrumste et al., 2000; Chen et al., 2010; Akalin Acar and Makeig, 2013; Aydin et al., 2014; Vorwerk et al., 2019a; McCann and Beltrachini, 2022). These studies mostly focused on the effect of variations of the skull conductivity or only investigated single source positions. Our study shows that the effects of skin conductivity variations on the depth of source reconstructions found in Vanrumste et al. (2000) and Aydin et al. (2014) can be generalized for almost all source positions with limitations for very superficial sources. Furthermore, our study confirmed the opposing effects of variations of skin and skull conductivity and confirmed the effect of the skin conductivity on the depth of the reconstructed source found in Vorwerk et al. (2019a) for general source positions. Finally, we also found that the effects of gray and white matter conductivity variations on source localizations remain negligible even for very deep cortical sources, e.g., in the insula.



4.3 Limitations

To obtain results that are universally applicable, we made use of a head model based on an averaged MRI template in this study. Therefore, any effects due to individual anatomical variations should be excluded. The stability of our results over the whole cortex suggests that these can largely be transferred to individual head models, of course, except in cases with significant variations of the anatomy such as skull openings, brain resections, or lesions (Oostenveld and Oostendorp, 2002; Brodbeck et al., 2009; Rullmann et al., 2009; Lanfer et al., 2012).

The head model used in this study has two major simplifications compared to six-layer state-of-the-art head models with anisotropic white matter conductivity. We did not include white matter anisotropy in our study, as no such data are available for the New York Head. Given the small influence of variations of the white matter conductivity found for nearly all source positions in this study, it can be assumed that this simplification did not have any significant effect on the outcome of our study. Furthermore, we did not include the distinction between skull compacta and spongiosa, but modeled a homogeneous skull compartment instead. Prior studies have shown that neglecting this distinction can especially affect the accuracy of the EEG forward solution in temporal regions (Vorwerk et al., 2014; Nielsen et al., 2023), below suture lines (McCann and Beltrachini, 2022), or at the skull base (Montes-Restrepo et al., 2014). Since we did not consider this distinction in both the forward and inverse calculations, there should be no direct impact on the results of this study. However, considering variations of skull compacta and spongiosa conductivities separately would add another layer of complexity and might be of interest in future studies. To keep the computational complexity within bounds one might neglect variations of gray and white matter conductivities in turn, which were found to have only a minor influence in our study.

Both in the forward and inverse studies, we focused on single dipole scenarios, i.e., extended source models were not investigated. In general, the results of our inverse study should translate for all inverse methods that allow for an accurate localization of single dipoles. This includes not only dipole scans and dipole fits, but also beamforming methods (Sekihara and Nagarajan, 2008; Westner et al., 2022) and some current-density reconstruction methods, e.g., Bayesian methods (Lucka et al., 2012; Costa et al., 2017; Rezaei et al., 2020), minimum norm estimates (MNE) with depth weighting (Fuchs et al., 1999), or LORETA variations (Pascual-Marqui et al., 2002). Contrary to this, Stenroos and Hauk (2013) have shown that classical MNEs are robust against skull conductivity errors. However, this comes at the cost of an increased localization error for sources that are not superficial (Stenroos and Hauk, 2013, Figure A1), since MNE suffers from depth-bias, i.e., the peak of the reconstructed current density is generally localized too superficial for deep sources (Fuchs et al., 1999; Lucka et al., 2012). Thus, MNEs are not a suitable inverse approach in scenarios where deeper sources are assumed. In other scenarios, e.g., group studies in which widespread brain activation is reconstructed and compared between subjects, the benefit of the robustness against skull conductivity variations might outweigh the disadvantage of the depth-bias. In general, the effect of conductivity variations on the reconstruction of extended sources was not investigated in this study. However, it can be assumed that our results can be generalized to such cases as long as the source is still predominantly dipolar.

Finally, it has to be noted that our choice of the intervals within which the tissue conductivities may vary (Table 1) represents a worst-case scenario. Not only were these intervals chosen rather widely, but it can also be assumed that the real distribution of the conductivities is not uniform but more focused around the literature value (McCann et al., 2019). In practice, the tissue conductivity uncertainties could potentially be more realistically modeled through, e.g., β- or Normal distributions (Gutiérrez et al., 2004; Saturnino et al., 2019). However, these distributions require additional parameters, which, again, are not known a priori and need to be estimated based on the literature.




5 Conclusion

In this study, we found that the topography of EEG forward solutions for source positions on the whole cortex surface is mostly sensitive to variations of skull and skin conductivity. The magnitude of EEG forward solutions is also very sensitive to the skull conductivity, but almost similarly sensitive to the gray matter conductivity and to a smaller degree also to the skin conductivity. Analyzing the EEG inverse problem, we find that these changes in the EEG forward solutions translate to localization errors particularly for sources inside of sulci, with the strongest effect on sources on the sulcal walls. For these sources, the localization errors clearly correlate with variations in skull and skin conductivity resulting in changes in the source depth of the reconstructed sources. Sources on top of gyri showed the strongest topography changes for varying tissue conductivities, but these changes resulted in smaller source reconstruction errors than for sources inside of sulci. We are convinced that these results help to better estimate the uncertainty inherent to EEG source localizations. Furthermore, our study shows the additional value of skull conductivity calibration, as the inter-individual variation of the skull conductivity is one of the main sources of EEG source analysis uncertainties affecting almost all cortex areas.



Data availability statement

The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found below: https://www.parralab.org/nyhead/.



Author contributions

JV: Conceptualization, Funding acquisition, Investigation, Methodology, Writing – original draft, Writing – review & editing. CW: Conceptualization, Funding acquisition, Supervision, Writing - review & editing. DB: Conceptualization, Funding acquisition, Resources, Supervision, Writing - review & editing.



Funding

The author(s) declare financial support was received for the research, authorship, and/or publication of this article. This research was funded in whole, or in part, by the Austrian Science Fund (FWF), projects P 35949 (JV) and I 3790-B27 (JV and DB), the Tyrolian Science Fund (TWF), project F.45065 (JV), the Bundesministerium für Gesundheit (BMG), as project ZMI1-2521FSB006 under the frame of ERA PerMed as project ERAPERMED2020-227 (CW), the Deutsche Forschungsgemeinschaft (DFG), project WO1425/10-1 (CW), and by DAAD project 57663920 (CW). For the purpose of open access, the author has applied a CC BY public copyright licence to any Author Accepted Manuscript version arising from this submission.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

The author(s) declared that they were an editorial board member of Frontiers, at the time of submission. This had no impact on the peer review process and the final decision.



Publisher's note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fnhum.2024.1335212/full#supplementary-material



References

 Acar, Z. A., Acar, C. E., and Makeig, S. (2016). Simultaneous head tissue conductivity and EEG source location estimation. Neuroimage 124, 168–180. doi: 10.1016/j.neuroimage.2015.08.032

 Akalin Acar, Z., and Makeig, S. (2013). Effects of forward model errors on EEG source localization. Brain Topogr. 26, 378–396. doi: 10.1007/s10548-012-0274-6

 Akhtari, M., Bryant, H., Mamelak, A., Flynn, E., Heller, L., Shih, J., et al. (2002). Conductivities of three-layer live human skull. Brain Topogr. 14, 151–167. doi: 10.1023/A:1014590923185

 Antonakakis, M., Schrader, S., Aydin, Ü., Khan, A., Gross, J., Zervakis, M., et al. (2020). Inter-subject variability of skull conductivity and thickness in calibrated realistic head models. Neuroimage 223:117353. doi: 10.1016/j.neuroimage.2020.117353

 Asadzadeh, S., Rezaii, T. Y., Beheshti, S., Delpak, A., and Meshgini, S. (2020). A systematic review of EEG source localization techniques and their applications on diagnosis of brain abnormalities. J. Neurosci. Methods 339, 108740. doi: 10.1016/j.jneumeth.2020.108740

 Aydin, Ü., Vorwerk, J., Küpper, P., Heers, M., Kugel, H., Galka, A., et al. (2014). Combining EEG and MEG for the reconstruction of epileptic activity using a calibrated realistic volume conductor model. PLoS ONE 9:e93154. doi: 10.1371/journal.pone.0093154

 Azizollahi, H., Aarabi, A., and Wallois, F. (2020). Effect of structural complexities in head modeling on the accuracy of EEG source localization in neonates. J. Neural Eng. 17:056004. doi: 10.1088/1741-2552/abb994

 Baumann, S. B., Wozny, D. R., Kelly, S. K., and Meno, F. M. (1997). The electrical conductivity of human cerebrospinal fluid at body temperature. IEEE Transact. Biomed. Eng. 44, 220–223. doi: 10.1109/10.554770

 Brette, R., and Destexhe, A. (2012). Handbook of Neural Activity Measurement. Cambridge: Cambridge University Press.

 Brodbeck, V., Lascano, A. M., Spinelli, L., Seeck, M., and Michel, C. M. (2009). Accuracy of EEG source imaging of epileptic spikes in patients with large brain lesions. Clin Neurophysiol. 120, 679–685. doi: 10.1016/j.clinph.2009.01.011

 Buchner, H., Knoll, G., Fuchs, M., Rienäcker, A., Beckmann, R., Wagner, M., et al. (1997). Inverse localization of electric dipole current sources in finite element models of the human head. Electroencephalogr. Clin. Neurophysiol. 102, 267–278. doi: 10.1016/S0013-4694(96)95698-9

 Buzzell, G. A., Richards, J. E., White, L. K., Barker, T. V., Pine, D. S., and Fox, N. A. (2017). Development of the error-monitoring system from ages 9-35: unique insight provided by MRI-constrained source localization of EEG. Neuroimage 157, 13–26. doi: 10.1016/j.neuroimage.2017.05.045

 Chen, F., Hallez, H., and Staelens, S. (2010). Influence of skull conductivity perturbations on EEG dipole source analysis. Med. Phys. 37, 4475–4484. doi: 10.1118/1.3466831

 Cho, J.-H., Vorwerk, J., Wolters, C. H., and Knösche, T. R. (2015). Influence of the head model on EEG and MEG source connectivity analyses. Neuroimage 110, 60–77. doi: 10.1016/j.neuroimage.2015.01.043

 Costa, F., Batatia, H., Oberlin, T., d'Giano, C., and Tourneret, J.-Y. (2017). Bayesian EEG source localization using a structured sparsity prior. Neuroimage 144, 142–152. doi: 10.1016/j.neuroimage.2016.08.064

 Dannhauer, M., Lanfer, B., Wolters, C. H., and Knösche, T. R. (2011). Modeling of the human skull in EEG source analysis. Hum. Brain Mapp. 32, 1383–1399. doi: 10.1002/hbm.21114

 Fernández-Corazza, M., Turovets, S., Luu, P., Price, N., Muravchik, C. H., and Tucker, D. (2017). Skull modeling effects in conductivity estimates using parametric electrical impedance tomography. IEEE Transact. Biomed. Eng. 65, 1785–1797. doi: 10.1109/TBME.2017.2777143

 Fuchs, M., Wagner, M., Köhler, T., and Wischmann, H.-A. (1999). Linear and nonlinear current density reconstructions. J. Clin. Neurophysiol. 16, 267–295. doi: 10.1097/00004691-199905000-00006

 Fuchs, M., Wagner, M., Wischmann, H.-A., Köhler, T., Theißen, A., Drenckhahn, R., et al. (1998). Improving source reconstructions by combining bioelectric and biomagnetic data. Electroencephalogr. Clin. Neurophysiol. 107, 93–111. doi: 10.1016/S0013-4694(98)00046-7

 Gao, C., Conte, S., Richards, J. E., Xie, W., and Hanayik, T. (2019). The neural sources of N170: understanding timing of activation in face-selective areas. Psychophysiology 56:e13336. doi: 10.1111/psyp.13336

 Gençer, N. G., and Acar, C. E. (2004). Sensitivity of EEG and MEG measurements to tissue conductivity. Phys. Med. Biol. 49:701. doi: 10.1088/0031-9155/49/5/004

 Gutiéerrez, D., Nehorai, A., and Muravchik, C. H. (2004). Estimating brain conductivities and dipole source signals with EEG arrays. IEEE Transact. Biomed. Eng. 51, 2113–2122. doi: 10.1109/TBME.2004.836507

 Haueisen, J., Ramon, C., Eiselt, M., Brauer, H., and Nowak, H. (1997). Influence of tissue resistivities on neuromagnetic fields and electric potentials studied with a finite element model of the head. IEEE Transact. Biomed. Eng. 44, 727–735. doi: 10.1109/10.605429

 Hoekema, R., Wieneke, G., Leijten, F., Van Veelen, C., Van Rijen, P., Huiskamp, G., et al. (2003). Measurement of the conductivity of skull, temporarily removed during epilepsy surgery. Brain Topogr. 16, 29–38. doi: 10.1023/A:1025606415858

 Huang, M.-X., Song, T., Hagler Jr, D. J., Podgorny, I., Jousmaki, V., Cui, L., et al. (2007). A novel integrated MEG and EEG analysis method for dipolar sources. Neuroimage 37, 731–748. doi: 10.1016/j.neuroimage.2007.06.002

 Huang, Y., Parra, L. C., and Haufe, S. (2016). The New York Head—a precise standardized volume conductor model for EEG source localization and tES targeting. Neuroimage 140, 150–162. doi: 10.1016/j.neuroimage.2015.12.019

 Janon, A., Klein, T., Lagnoux, A., Nodet, M., and Prieur, C. (2014). Asymptotic normality and efficiency of two Sobol index estimators. ESAIM Prob. Stat. 18, 342–364. doi: 10.1051/ps/2013040

 Knösche, T. R. (1997). Solutions of the neuroelectromagnetic inverse problem: an evaluation study (PhD thesis). University of Twente, Enschede, Netherlands.

 Knösche, T. R., and Haueisen, J. (2022). EEG/MEG Source Reconstruction: Textbook for Electro-and Magnetoencephalography. Cham: Springer.

 Kybic, J., Clerc, M., Abboud, T., Faugeras, O., Keriven, R., and Papadopoulo, T. (2005). A common formalism for the integral formulations of the forward EEG problem. IEEE Trans. Med. Imaging 24, 12–18. doi: 10.1109/TMI.2004.837363

 Lanfer, B., Scherg, M., Dannhauer, M., Knösche, T. R., Burger, M., and Wolters, C. H. (2012). Influences of skull segmentation inaccuracies on EEG source analysis. Neuroimage 62, 418–431. doi: 10.1016/j.neuroimage.2012.05.006

 Lucka, F., Pursiainen, S., Burger, M., and Wolters, C. H. (2012). Hierarchical bayesian inference for the EEG inverse problem using realistic FE head models: depth localization and source separation for focal primary currents. Neuroimage 61, 1364–1382. doi: 10.1016/j.neuroimage.2012.04.017

 Marelli, S., and Sudret, B. (2014). “UQLab: a framework for uncertainty quantification in MATLAB, stefano marelli and bruno sudret,” in The 2nd International Conference on Vulnerability and Risk Analysis and Management (ICVRAM 2014) (University of Liverpool), 2554–2563. doi: 10.1061/9780784413609.257

 McCann, H., and Beltrachini, L. (2022). Impact of skull sutures, spongiform bone distribution, and aging skull conductivities on the EEG forward and inverse problems. J. Neural Eng. 19:016014. doi: 10.1088/1741-2552/ac43f7

 McCann, H., Pisano, G., and Beltrachini, L. (2019). Variation in reported human head tissue electrical conductivity values. Brain Topogr. 32, 825–858. doi: 10.1007/s10548-019-00710-2

 Meijs, J. W., Weier, O. W., Peters, M. J., and Van Oosterom, A. (1989). On the numerical accuracy of the boundary element method (EEG application). IEEE Transact. Biomed. Eng. 36, 1038–1049. doi: 10.1109/10.40805

 Montes-Restrepo, V., van Mierlo, P., Strobbe, G., Staelens, S., Vandenberghe, S., and Hallez, H. (2014). Influence of skull modeling approaches on EEG source localization. Brain Topogr. 27, 95–111. doi: 10.1007/s10548-013-0313-y

 Neugebauer, F., Möddel, G., Rampp, S., Burger, M., and Wolters, C. H. (2017). The effect of head model simplification on beamformer source localization. Front. Neurosci. 11:625. doi: 10.3389/fnins.2017.00625

 Nielsen, J. D., Puonti, O., Xue, R., Thielscher, A., and Madsen, K. H. (2023). Evaluating the influence of anatomical accuracy and electrode positions on EEG forward solutions. Neuroimage 277:120259. doi: 10.1016/j.neuroimage.2023.120259

 Oostenveld, R., and Oostendorp, T. F. (2002). Validating the boundary element method for forward and inverse EEG computations in the presence of a hole in the skull. Hum. Brain Mapp. 17, 179–192. doi: 10.1002/hbm.10061

 Pascual-Marqui, R. D. (2002). Standardized low-resolution brain electromagnetic tomography (sLORETA): technical details. Methods Find. Exp. Clin. Pharmacol. 24 (Suppl. D): 5–12.

 Piai, V., Meyer, L., Dronkers, N. F., and Knight, R. T. (2017). Neuroplasticity of language in left-hemisphere stroke: evidence linking subsecond electrophysiology and structural connections. Hum. Brain Mapp. 38, 3151–3162. doi: 10.1002/hbm.23581

 Puonti, O., Van Leemput, K., Saturnino, G. B., Siebner, H. R., Madsen, K. H., and Thielscher, A. (2020). Accurate and robust whole-head segmentation from magnetic resonance images for individualized head modeling. Neuroimage 219:117044. doi: 10.1016/j.neuroimage.2020.117044

 Ramon, C., Schimpf, P., Haueisen, J., Holmes, M., and Ishimaru, A. (2004). Role of soft bone, csf and gray matter in EEG simulations. Brain Topogr. 16, 245–248. doi: 10.1023/B:BRAT.0000032859.68959.76

 Ramon, C., Schimpf, P. H., and Haueisen, J. (2006). Influence of head models on EEG simulations and inverse source localizations. Biomed. Eng. Online 5, 1–13. doi: 10.1186/1475-925X-5-10

 Rezaei, A., Koulouri, A., and Pursiainen, S. (2020). Randomized multiresolution scanning in focal and fast E/MEG sensing of brain activity with a variable depth. Brain Topogr. 33, 161–175. doi: 10.1007/s10548-020-00755-8

 Rullmann, M., Anwander, A., Dannhauer, M., Warfield, S. K., Duffy, F. H., and Wolters, C. H. (2009). EEG source analysis of epileptiform activity using a 1 mm anisotropic hexahedra finite element head model. Neuroimage 44, 399–410. doi: 10.1016/j.neuroimage.2008.09.009

 Saturnino, G. B., Thielscher, A., Madsen, K. H., Knösche, T. R., and Weise, K. (2019). A principled approach to conductivity uncertainty analysis in electric field calculations. Neuroimage 188, 821–834. doi: 10.1016/j.neuroimage.2018.12.053

 Sekihara, K., and Nagarajan, S. S. (2008). Adaptive Spatial Filters for Electromagnetic Brain Imaging. Berlin: Springer Science & Business Media.

 Sobol, I. M. (2001). Global sensitivity indices for nonlinear mathematical models and their Monte Carlo estimates. Math. Comput. Simul. 55, 271–280. doi: 10.1016/S0378-4754(00)00270-6

 Staljanssens, W., Strobbe, G., Holen, R. V., Birot, G., Gschwind, M., Seeck, M., et al. (2017). Seizure onset zone localization from ictal high-density EEG in refractory focal epilepsy. Brain Topogr. 30, 257–271. doi: 10.1007/s10548-016-0537-8

 Stenroos, M., and Hauk, O. (2013). Minimum-norm cortical source estimation in layered head models is robust against skull conductivity error. Neuroimage 81, 265–272. doi: 10.1016/j.neuroimage.2013.04.086

 Vallaghé, S., and Clerc, M. (2008). A global sensitivity analysis of three-and four-layer EEG conductivity models. IEEE Transact. Biomed. Eng. 56, 988–995. doi: 10.1109/TBME.2008.2009315

 Vanrumste, B., Van Hoey, G., Van de Walle, R., D'havé, M., Lemahieu, I., and Boon, P. (2000). Dipole location errors in electroencephalogram source analysis due to volume conductor model errors. Med. Biol. Eng. Comp. 38, 528–534. doi: 10.1007/BF02345748

 Vorwerk, J., Aydin, Ü., Wolters, C. H., and Butson, C. R. (2019a). Influence of head tissue conductivity uncertainties on EEG dipole reconstruction. Front. Neurosci. 13:531. doi: 10.3389/fnins.2019.00531

 Vorwerk, J., Cho, J.-H., Rampp, S., Hamer, H., Knösche, T. R., and Wolters, C. H. (2014). A guideline for head volume conductor modeling in EEG and MEG. Neuroimage 100, 590–607. doi: 10.1016/j.neuroimage.2014.06.040

 Vorwerk, J., Hanrath, A., Wolters, C. H., and Grasedyck, L. (2019b). The multipole approach for EEG forward modeling using the finite element method. Neuroimage 201:116039. doi: 10.1016/j.neuroimage.2019.116039

 Vorwerk, J., Oostenveld, R., Piastra, M. C., Magyari, L., and Wolters, C. H. (2018). The FieldTrip-SimBio pipeline for EEG forward solutions. Biomed. Eng. Online 17, 1–17.

 Westner, B. U., Dalal, S. S., Gramfort, A., Litvak, V., Mosher, J. C., Oostenveld, R., et al. (2022). A unified view on beamformers for M/EEG source reconstruction. Neuroimage 246:118789. doi: 10.1016/j.neuroimage.2021.118789

 Yan, Y., Nunez, P., and Hart, R. (1991). Finite-element model of the human head: scalp potentials due to dipole sources. Med. Biol. Eng. Comp. 29, 475–481. doi: 10.1007/BF02442317

 Zaky, M. H., Shoorangiz, R., Poudel, G. R., Yang, L., Innes, C. R., and Jones, R. D. (2023). Increased cerebral activity during microsleeps reflects an unconscious drive to re-establish consciousness. Int. J. Psychophysiol. 189, 57–65. doi: 10.1016/j.ijpsycho.2023.05.349

Copyright
 © 2024 Vorwerk, Wolters and Baumgarten. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.



OPS/images/inline_2.gif





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Global sensitivity of EEG source analysis to tissue conductivity uncertainties



		1 Introduction



		2 Materials and methods



		2.1 Head model



		2.2 Source spaces and EEG forward simulations



		2.3 EEG forward problem sensitivity analysis



		2.4 EEG source analysis sensitivity analysis



		2.5 Evaluation







		3 Results



		3.1 EEG forward problem



		3.1.1 Signal topography



		3.1.2 Signal magnitude









		3.2 EEG inverse problem







		4 Discussion



		4.1 EEG forward problem



		4.2 EEG inverse problem



		4.3 Limitations







		5 Conclusion



		Data availability statement



		Author contributions



		Funding



		Conflict of interest



		Publisher's note



		Supplementary material



		References

















OPS/images/inline_1.gif





OPS/images/math_1.gif
S

_RG. 1)

M





OPS/images/inline_3.gif
1
1% —=3% 1

n’





OPS/images/fnhum-18-1335212-t001.jpg
Tissue Standard

Skin 280.0 870.0 4300 | Haueisen etal,, 1997; Ramon et al., 2004

Skull 16 33.0 100 | Akhtari et al,, 2002; Hoekema et al., 2003; Dannhauer et al.,
2011

CSF 1,769.6 1,810.4 1,7900 | Baumann etal,, 1997

GM 220.0 670.0 3300 | Haueisen etal, 1997; Ramon etal., 2004

WM 90.0 290.0 140.0 | Haueisen etal,, 1997; Ramon et al., 2004






OPS/images/fnhum-18-1335212-g010.gif
/\//

()
41%) &

7/ (A
572 TNEY

Skull












OPS/images/crossmark.jpg
©

|






OPS/images/logo.jpg
¥ frontiers | Frontiers in Human Neuroscience







OPS/images/fnhum-18-1335212-g005.gif
FPull Soboi Indesx

Firgi-Urder Sobot Index

T

)






OPS/images/fnhum-18-1335212-g006.gif





OPS/images/fnhum-18-1335212-g003.gif
'wwww) Yo www)

'wwww)

'wwww)

Skin-Skull






OPS/images/fnhum-18-1335212-g004.gif





OPS/images/fnhum-18-1335212-g009.gif
‘Correlation betwaen Tlesue Conductivities and Change In

Source Localization

§: g,

Source Depth

EI
oomce Do e





OPS/images/fnhum-18-1335212-g007.gif
Average localization error

Ratio between the change in source depth
‘and localization error






OPS/images/fnhum-18-1335212-g008.gif
Average RDM






OPS/images/cover.jpg
, frontiers ‘ Frontiers in Human Neuroscience

Global sensitivity of EEG source
analysis to tissue conductivity
uncertainties





OPS/images/fnhum-18-1335212-g001.gif





OPS/images/fnhum-18-1335212-g002.gif
T

FESH-Ovder S0008 Index

o

FUsi S000! Index






OPS/images/math_3.gif
= u'

T ey
1=l 1127 1l

RDM @™ ) = |

[E3
112" 11,

=,

MACE™ ) ®






OPS/images/math_2.gif
@
+
Sisn

=8+ Z :





OPS/images/math_4.gif
Gor=1- (e Bl by )
I s [l





