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Abstract.
Significance: Functional Near Infrared Spectroscopy (fNIRS) is a promising tool for neurofeedback (NFB) or brain
computer interfaces (BCIs). However, fNIRS signals are typically highly contaminated by systemic activity (SA)
artifacts and, if not properly corrected, NFB or BCIs run the risk of being based on noise instead of brain activity.
This risk can likely be reduced by correcting for SA, in particular when short distance channels (SDCs) are available.
Literature comparing correction methods with and without SDCs is still sparse, specifically comparisons considering
single trials are lacking.
Aim: This study aimed at comparing the performance of SA correction methods with and without SDCs.
Approach: Semi-simulated and real motor task data of healthy elderly individuals were used. Correction methods
without SDCs included a simple and a more advanced spatial filter. Correction methods with SDCs included a regression approach considering only the closest SDC and two GLM-based methods, one including all eight SDCs and
one using only two a priori selected SDCs as regressors. All methods were compared to data uncorrected for SA and
correction performance was assessed with quality measures quantifying signal improvement and spatial specificity at
single trial level.
Results: All correction methods were found to improve signal quality and to enhance spatial specificity as compared
to the uncorrected data. Methods with SDCs usually outperformed methods without SDCs. Correction methods without SDCs tended to overcorrect the data. However, the exact pattern of results and the degree of differences observable
between correction methods varied between semi-simulated and real data, and also between quality measures.
Conclusions: Overall, results confirmed that both ∆[HbO] and ∆[HbR] are affected by SA and that correction methods with SDCs outperform methods without SDCs. Nonetheless, improvements in signal quality can also be achieved
without SDCs and should therefore be given priority over not correcting for SA.
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1 Introduction

25

Functional Near Infrared Spectroscopy (fNIRS) is a promising tool in neuroimaging, in particular

26

in the context of brain computer interface1 (BCI) or neurofeedback2 (NFB) applications for motor

27

neurorehabilitation. In active overt3 NFB training, participants learn to self-regulate their task-

28

related brain activity by receiving feedback with the main goal of facilitating brain plasticity.2, 4, 5
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29

For the purpose of motor neurorehabilitation the task can be any motor task, however, most com-

30

monly, participants perform kinesthetic motor imagery, that is, imagining the sensation of a motor

31

task without actually performing it.2, 6, 7 To achieve this goal, a spatially specific brain imaging tool

32

that allows cost-efficient, repeated training is desirable. FNIRS combines these qualities.2, 8 More-

33

over, fNIRS allows to measure difficult populations such as children and patients, it is relatively

34

robust against movement, and, because fNIRS can be mobile and portable, it offers environmental

35

flexibility.5, 8–10 One major drawback of fNIRS, however, is the contamination of the measured sig-

36

nals with task-evoked systemic extracerebral and cerebral activity11, 12 (in short: systemic activity,

37

SA). FNIRS captures hemodynamic activity by transmitting near infrared (NIR) light through the

38

brain from a light source to a light detector. On this journey, the light does not only penetrate the

39

cerebral tissue but also the extracerebral layers (scalp and skin), resulting in a signal that includes

40

both cerebral and extracerebral hemodynamic activity.11, 12 The problems arising from the SA arti-

41

fact are diverse: the artifact differs between signal types oxygenated (∆[HbO]) and deoxygenated

42

(∆[HbR]) hemoglobin,11–13 between and within subjects as well as tasks.14 Furthermore, it is not

43

homogeneously distributed across the head12, 13 and it can mimic task-related activity.12, 13 Since

44

the frequency of the artifacts can overlap with the task frequency, the conventionally used temporal

45

filters are not sufficient. The consequence is that statistical results might either be inflated due to

46

false positives or depleted by false negatives.11, 12, 15, 16 For NFB and BCI applications this could

47

mean that they are potentially based on noise and not on brain activity.

48

So far, the gold standard for systemic artifact correction (SAC) of the extracerebral part of the

49

SA artifact involves short distance channels (SDCs). For SDCs NIR light source and detector are

50

placed at a distance of less than 10 mm11–13, 17 (ideally at 8.4 mm for adults18 ). Because of the short

51

distance, the SDC measures mostly extracerebral SA, which can then be used to correct the data,
2
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52

for instance, by applying a regression-based approach.13, 17, 19–21 The most promising approach so

53

far is to add the SDC data as (additional) regressors to the General Linear Model (GLM).13, 17, 21

54

The optimum number of SDCs within this approach is still unknown, but it has been shown for

55

up to eight SDCs that results keep improving when adding more SDCs.17 Also, including SDCs

56

of both signal types together, that is, ∆[HbO] and ∆[HbR], improves the results.17 However, not

57

all fNIRS researchers have access or will have access to SDCs in the near future. For instance,

58

von Lühmann and colleagues21 found that only 4% of published fNIRS BCI studies used SDCs for

59

correction. For instances in which no SDCs are available a number of alternative SA correction

60

methods have been proposed, for instance, based on spatial filters15, 16, 22–24 or by using individual

61

baseline measurements for a filter based on principal component analysis.17, 25

62

Awareness of the SA artifact and its need for correction is steadily growing and has already re-

63

sulted in a number of publications proposing and/or comparing different correction methods.13, 15–17, 21, 23, 24

64

What is still scarce are performance comparisons of the proposed correction methods that can

65

guide researchers in their choice. Particularly with respect to researchers who are not equipped

66

with SDCs, there is a growing need for performance comparisons of methods with and without

67

SDCs. To address this need, in this exploratory study the performance of two spatial filters with-

68

out SDC was compared to three regression-based SDC correction methods. Requirements for the

69

chosen methods were that they are not only suitable for offline data analysis but also that they have

70

a straightforward implementation in online scenarios, for instance, BCI or NFB applications. Also

71

with consideration of BCI and NFB implementations, performance of the SAC correction methods

72

was evaluated at the single trial level wherever possible. Comparisons were based on measures

73

quantifying signal improvement and spatial specificity. Expectations were that (i) signal quality

74

will improve and spatial specificity will increase after the application of SAC methods compared
3
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75

to no correction, irrespective of whether SDCs were applied or not, but that (ii) signal quality and

76

spatial specificity improvements will be stronger for SAC methods with SDCs as compared to

77

those without SDCs.

78

2 Materials & Methods

79

2.1 Subjects and Data Sets

80

For the current study two existing data sets were used. Because in real data the true underlying

81

hemodynamic response function is unknown, the first data set was used to generate ground-truth

82

semi-simulated (SIM) data by adding a hemodynamic response function to resting state data (SIM

83

DATA). The second data set consisted of real data of motor imagery (MI) and motor execution

84

(ME). While MI data were chosen for their relevance for motor neurorehabilitation, ME data were

85

included because of their more stable hemodynamic response.

86

SIM DATA Semi-simulated data were generated based on resting-state measurements from N

87

= 30 individuals that originated from an intermittent NFB study (unpublished). One participant

88

was excluded because the rest data was missing. For the remaining 29 subjects, approximately

89

3 minutes of fNIRS data were recorded while subjects were looking at a black fixation cross on

90

a grey background displayed on a computer screen. After applying the channel-based exclusion

91

criteria of the present study (cf. section 2.4.1 paragraph Channel Pruning for details), N = 23

92

elderly individuals (11 females, 12 males; age [mean± SD]: [65.52 ± 4.13] years; range: 58 to 71

93

years) were included for the final analyses.

94

ME and MI DATA

95

be found in Klein et al.26 In short, N = 32 healthy elderly individuals performed five motor tasks,

The real data set comprised ME and MI data. Details of the study design can

4
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96

that is, a self-paced sequential finger tapping task that was physically performed with either the

97

left (ME LEFT) or the right (ME RIGHT) hand or kinesthetically imagined with either the left or

98

the right hand. The fifth task was the kinesthetic imagination of an arbitrarily chosen whole-body

99

movement involving both arms and legs. Each task consisted of 12 trials and the trial structure

100

was a blocked design with 15s of task period preceded and followed by 18-22s of rest period.

101

The order of tasks was pseudo-randomized, with the restriction that not all of the three MI tasks

102

appeared consecutively. Furthermore, a 15s break after six trials of the same task and between

103

two tasks was included. All three MI tasks were combined into one MI task set (36 trials). After

104

applying study specific exclusion criteria (cf. section 2.4.1 paragraph Channel Pruning), N = 24

105

subjects (13 females, 11 males; age [mean± SD]: [63.63 ± 4.73] years; range: 56 to 71 years)

106

remained for analysis.

107

Participants of both studies gave written informed consent and were paid 10 Euros/h as re-

108

imbursement. General inclusion criteria for both studies were right-handedness, no experience in

109

piano playing, > 4 h of sleep and no history of neurological, psychiatric or psychological diseases

110

(cf. Klein et al., 202226 for more details and all exclusion criteria). Both studies were approved by

111

either the regular (resting-state data) or the medical (real data) Ethics Committee of the University

112

of Oldenburg.

113

2.2 Functional Near Infrared Spectroscopy (fNIRS)

114

FNIRS data were recorded using a NIRScout 816 device (NIRStar 15.2, NIRx Medizintechnik

115

GmbH, Berlin, Germany) including 20 regular distance channels (in short: regular channels) and 8

116

short distance channels (NIRx Medizintechnik GmbH, Berlin, Germany). The eight LED sources

117

(intensity 5 mW/wavelength) had a distance of approximately 3 cm to the eight (regular distance)
5
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118

detectors and a distance of 0.8 cm to the short distance detectors. The regions of interests (ROIs)

119

were bilateral M1 and SMA (approximated with the fOLD toolbox (v2.2;27 BrainAtlas: AAL2;

120

Anatomical Landmarks: Supp Motor Area L and Supp Motor Area R; BrainAtlas: Brodmann;

121

Anatomical Landmarks: 4 - Primary Motor Cortex; Specificity: 20%) which were covered by 16

122

out of the 20 regular channels (cf. Figure 1 D). The NIRS optodes were placed according to the

123

international 10-5 system in a custom-made cap, in which Cz, Nz and Iz positions as well as left

124

and right ears were used as markers for correctly positioning the cap.28 Optodes were attached to

125

the cap with (spring loaded) grommets (NIRx Medizintechnik GmbH, Berlin, Germany) in order

126

to reduce optode movement and to improve the contact between optodes and scalp. The sources

127

emitted NIR light at wavelengths 760 nm and 850 nm and raw light intensity was sampled with a

128

rate of 7.8125 Hz.

129

At the end of the fNIRS session for each subject optode positions and fiducial points (Nz,

130

LPA and RPA) were digitized with an optical digitizer (Xensor, ANT Neuro, The Netherlands).

131

However, because most of the digitizer data of the SIM data set was corrupted due to missing or

132

inaccurate optode locations, it was not considered for analysis in the present study.

133

2.3 Electromyography (EMG)

134

For both data sets, electromyography (EMG) data were recorded. In a previous study,26 EMG data

135

of MI DATA were used to control for voluntary movements during the MI tasks. However, in the

136

present study we neglected possible movements during MI mainly because the focus was not to

137

investigate MI induced brain activation but to explore and compare the performance of different

138

correction methods. Moreover, it is rather unlikely that single trials would be excluded from the

139

ongoing correction based on an EMG threshold in a running online application. Therefore, EMG
6
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140

data were not considered in the present study. For details on how EMG data were collected an

141

analysed see Klein et al.26

142

2.4 Data Processing and Statistical Analysis

143

2.4.1 fNIRS Analysis

144

FNIRS data processing was conducted with a combination of the NIRS AnalyzIR toolbox29 and

145

custom made scripts. For a better overview, in Figure 1 the workflow from data types (A, E)

146

over the preprocessing pipeline (B), the applied correction methods (F) to the generated quality

147

measures (G) is visualized.

148

Quality Check and Channel Pruning Channel quality was assessed by means of the qt-nirs

149

toolbox (SCI threshold = 0.6, Q threshold = 0.65 and PSP threshold = 0.1; https://github.

150

com/lpollonini/qt-nirs). The first inclusion criterion was that all short distance channels

151

remained for analyses which was the case for 25 participants of the SIM data set and for 24 of the

152

ME/MI data set. For the SIM data, the second inclusion criterion concerned the consistent number

153

of identical channels for adding the simulated HRF across subjects. Here, the aim was to find the

154

same two channels across subjects that remain within a ROI after channel pruning. This was the

155

case for channels 6 and 8 of ROI M1 LEFT in N = 23 subjects (cf. Figures 1 D and E). Across

156

the final sample of the SIM data, on average (±SD) 2.26 (± 2.56; ranging from 0 to 8 channels)

157

regular channels were pruned. Pruned channels were replaced by NaNs in the respective data set.

158

For the ME/MI data, the second inclusion criterion was that in each of the three ROIs at least

159

two channels remained for analysis after pruning. Based on this, all N = 24 subjects were consid-

160

ered for analysis and on average across subjects 2.71 of all regular channels (SD± 3.20; ranging

7
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161

from 0 to 9 channels) were pruned. Data of the pruned channels were replaced by NaNs in the

162

respective data set. A visualization of the frequency of the remaining channels of both data sets

163

after pruning can be found in Figure 1 C and exact numbers are documented in Tables 5, 6 and 7.

164

Preprocessing

165

tance channels. Raw data were transformed into optical density changes and were then cor-

166

rected for possible motion artifacts by means of the temporal derivative distribution repair (TDDR)

167

method.30 Afterwards, data were converted into hemoglobin concentration changes by means of

168

the modified Beer-Lambert law (mBLL). Therefore, the individual age-related31 differential path-

169

length factor (DPF) was used in order to calculate the partial pathlength factor (PPF = DPF*partial

170

volume factor [PVF = 1/60]) which was used for the mBLL. In order to generate the SIM data, the

171

canonical HRF was hereupon added to the rest data (see following paragraph Generation of semi-

172

simulated (SIM) data for details). Then, data were first low-pass filtered with a zero-phase digital

173

Butterworth filter (cut-off = 0.09 Hz; order = 2) and then high-pass filtered with a zero-phase dig-

174

ital Butterworth filter (cut-off = 0.01 Hz; order = 2). The cut-off frequencies of [0.01, 0.09] Hz

175

were selected based on the recommendations by Pinti et al.,32 however, departing from this, in the

176

present data analysis no finite impulse response (FIR) filter with a high filter order (> 1000) was

177

applied because the SIM data had no sufficient length for this filter order (∼ 3 min of rest data)

178

and we wanted to keep the preprocessing the same across data sets.

179

Generation of semi-simulated (SIM) data Resting-state data of the first data set were used to

180

generate the SIM data. Canonical HRFs (peak at 6s) with different amplitudes were generated and

181

added to the rest data of neighboring channels 6 and 8, located in the ROI M1 LEFT (cf. Figure 1

Preprocessing was applied to all channels, including both short and regular dis-

8
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182

C). Semi-simulated data were generated for two channels and with different amplitudes to simulate

183

a spatial pattern with a signal strength gradient (cf. section 2.5.3). The amplitude for channel 6 was

184

10 µM for ∆[HbO] and 10/3 µM for ∆[HbR] (100% amplitude) and 5 µM for ∆[HbO] and 5/3

185

µM for ∆[HbR] (50% amplitude) for channel 8. For each subject a total of 5 trials were simulated

186

as a blocked design with 15s of task period preceded and followed by 18-22s of rest period.

9
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Fig 1 Illustration of the data processing stream in the present study. First, (A) both data sets underwent the (B)
preprocessing stream of which the first step involved a quality check by using the qt-toolbox. Based on that, channels
with poor quality were pruned. (C) shows the channel frequency across subjects after pruning for the SIM and the
ME/MI data sets. (D) shows the channel layout including regular channels and short distance channels (SDCs) as
well as the ROIs. (E) Semi-simulated data were generated based on the rest data after the data were converted from
raw data to optical density changes. Here, canonical HRFs were added to channels 6 and 8 with 100% and 50%
amplitudes, respectively. After data were band-pass filtered, (F) the correction methods were applied which resulted
in six different data sets. NO SAC refers to the data that was preprocessed but was not corrected for systemic activity.
Correction methods without SDCs included the common average reference (CAR) and the global component removal
(GCR) methods and methods with SDCs comprised the short separation regression (SSR), GLM with all SDCs as
regressors (GLM ALL) and the GLM with one SDC (SDCs 4 and 7) regressor for each hemisphere (GLM BH). For
each method a GLM was performed. Based on the GLM output of GLM ALL the channel selection for the subsequent
analyses was conducted. In (H) the resulting channel frequencies across subjects for each task (columns) and data
types (rows) are visualized. Data of the selected channel were then epoched and baseline corrected and finally, based
on single trials the (G) quality measures for signal improvement sRMSE, COR and CNR and for spatial specificity
SDC CORMAT were calculated. Spatial specificity measure BETA MAPS was not based on single trials but on the
individual GLM output resulting from each method.

10
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187

2.4.2 Systemic Activity Correction (SAC) Methods

188

No Systemic Activity Correction (NO SAC) Data after the band-pass filtered preprocessing

189

stage served as a reference measure and are referred to as no systemic activity corrected (NO SAC)

190

data.

191

Common Average Reference (CAR) A very simple correction method without the use of SDCs

192

is the common average reference (CAR) spatial filter which has its origin in EEG analysis.22 Based

193

on the idea that a global signal is present in all channels, a spatial filter can be generated by

194

simply subtracting the average time signal across all N channels from each single channel xi ,

195

(i = 1, ..., N ) to reduce the global signal influence, resulting in the corrected channels xCARi (cf.

196

eq. 1).22
xCARi

N
1 X
= xi −
xj
N j=1

(1)

197

Global Component Removal (GCR)

198

global component removal (GCR) method.23, 24 The GCR is a more advanced spatial filter based on

199

Gaussian spatial filtering and singular value decomposition (SVD). The Gaussian kernel smoother

200

G is a two-dimensional kernel smoother that is applied to remove detail and noise from a data set.23

201

It requires the Montreal Neurological Institute (MNI) coordinates of each channel that are stored

202

in a N × N distance matrix D.

The second correction method without using SDCs is the

−D 2

G(D) = e 2σ2

(2)

203

where σ represents the width of the kernel and was shown to be effective with a value of σ = 48◦ .33

204

The SVD decomposes the data matrix Ytask into the three matrices U , Σ and V T
11
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Ytask = U ΣV T

(3)

205

where the n × m matrix U represents the temporal information of the n channels, the n × n

206

diagonal matrix Σ consists of the singular values, i.e., the square root of the eigenvalues, and the

207

n × n matrix V T represents the transpose of the spatial information. The vectors vi of V are then

208

smoothed by the Gaussian kernel G

vi∗ = vi ∗ G

(4)

209

which results in the vectors vi∗ of matrix V ∗ . The convolution with G removes the localized

210

neuronal pattern and therefore, V ∗ represents only the spatial information of the global compo-

211

nent.23 By replacing V with V ∗ in the SVD formula the waveforms of the GC Yglobal can be

212

reconstructed

Yglobal = U ΣV ∗

213

214

(5)

and to get the neuronal component Yneuronal , the GC Yglobal can then simply be subtracted from
the data Ytask

Yneuronal = YGCR = Ytask − Yglobal

(6)

215

Short Separation Regression (SSR)

216

SDCs is the short separation regression (SSR).11, 19 By simply applying eq. 7 it was shown that SA

217

can be reduced.

A simple and easy to implement SAC method that involves

12
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YSSR = YRC − αYSDC

218

(7)

Here, α is defined as the quotient of two scalar products (⟨·, ·⟩):

α=

⟨YSDC , YRC ⟩
⟨YSDC , YSDC ⟩

(8)

219

In this method, YSDC can be either the closest SDC, the SDC showing the strongest correla-

220

tion with the regular channel YRC or an average across all available SDCs. In the present study

221

YSDC represents the signal of the closest SDC to each regular channel determined by the Euclidian

222

distance.

223

General Linear Model with all SDC as Regressors (GLM ALL)

224

SAC method when using SDCs is to incorporate the SDCs as regressors within the General Linear

225

Model (GLM).13, 17 With this approach one can add the SDC regressors XSDC in addition to the

226

task-related regressors Xtask directly to the GLM analysis:




 βtask 
+ϵ
Y = Xtask XSDC · 


βSDC


The most recommended



(9)

227

where βtask and βSDC represent the beta values of the task and of the SDC, respectively and ϵ

228

the residuals of that model. However, in a neurofeedback or BCI experiment, one might be more

229

interested in further processing the corrected time signal data and therefore, the GLM can be

13
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230

applied for SAC by adding only the SDC channels to the design matrix XSDC

Y = XSDC · βSDC + ϵ

(10)

231

In this model, each SDC time course in XSDC results in a beta value in βSDC estimating its contri-

232

bution to the time signals in Y and the part that can not be explained by the model is included in

233

the residual term ϵ. By subtracting the product of design matrix XSDC and beta values βSDC from

234

the data Y , ϵ results in the cleaned data set YGLM ALL

YGLM ALL = ϵ = Y − XSDC · βSDC

(11)

235

As recommended by Santosa and colleagues,17 for the GLM ALL method all eight SDCs of both

236

∆[HbO] and ∆[HbR] were included in the present study as regressors for running the GLM. For

237

solving the GLM an auto-regressive iterative least square (AR-ILS34 ) algorithm implemented in

238

the Brain AnalyzIR toolbox29 (https://github.com/huppertt/nirs-toolbox) was

239

applied.

240

General Linear Model with one SDC on Both Hemispheres as Regressors (GLM BH)

241

ilar to the GLM ALL method, the GLM BH correction method uses SDCs as regressors within the

242

GLM in order to correct for SA. However, here only two SDCs were used for correction to pretend

243

to be in a scenario where only a small number of SDCs are available.35, 36 As for GLM ALL, by

244

subtracting the product of design matrix XSDC and beta values βSDC from the uncorrected data Y ,

14

Sim-
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245

ϵ results in the cleaned data set YGLM BH

YGLM BH = ϵ = Y − XSDCBH · βSDCBH

(12)

246

For the GLM BH method, SDCs 4 and 7 were chosen because they cover both hemispheres (BH)

247

and were included in all of the three ROIs (cf. Figure 1 D). Also for this GLM method, regressors

248

of both ∆[HbO] and ∆[HbR] of the respective channels were included in the model.

249

2.5 Channel Selection and Quality Measures

250

2.5.1 Channel Selection

251

The majority of quality measures were calculated for selected channels. To enhance comparability

252

across SDC methods the same channel set was used for all correction methods. Channels were

253

not selected from the whole channel pool but selection was restricted to the task-specific ROI. The

254

task-specific ROI was defined a priori as the ROI that most likely shows the strongest activation

255

for a given task. For ME LEFT the task-specific ROI was M1 RIGHT, for ME RIGHT and SIM it

256

was M1 LEFT for MI it was SMA.

257

For each subject the best channel was selected separately for each task (SIM, ME LEFT, ME

258

RIGHT and MI) and signal type (∆[HbO] and ∆[HbR]), resulting in 4 tasks × 2 signal types = 8

259

channels per subject. The channel selection was based on the individual output of two AR-ILS34

260

GLMs (one for SIM data and one for real data) run on the GLM ALL corrected data because it

261

was expected that this correction method results in the cleanest data.13, 17 For tasks ME LEFT,

262

ME RIGHT and MI, besides the three task-related regressors, regressors of the instruction and the

263

breaks were added to the GLM. Additionally, first and second derivatives of each regressor were

15
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264

included in the model. For SIM data, the GLM included one task-related regressor consisting of

265

all simulated onsets. From the GLM outputs the individual channels with the highest (∆[HbO])

266

and lowest (∆[HbR]) beta value were selected from within the task-specific ROIs. The resulting

267

channel frequencies across tasks and signal types are visualized in Figure 1 H.

268

2.5.2 Quality Measures for Signal Improvement

269

Signal improvement was assessed with three different measures expected to be reflective of single

270

trial noise reduction after applying SAC. It was expected that for SAC methods that effectively

271

remove SA, quality measures for signal improvement should be enhanced relative to uncorrected

272

data. It was also expected that the measures demonstrate a superiority of SDC methods compared

273

to methods without SDCs.

274

For the individually selected channels (see section Channel Selection) measures were calcu-

275

lated for data epoched [-5, 25]s around stimulus onset and baseline corrected with the average of

276

the signal from five seconds prior stimulus onset. For ME LEFT and ME RIGHT, quality mea-

277

sures were first calculated separately and then averaged for each subject to generate a single value

278

termed ME.

279

Scaled Root Mean Square Error (sRMSE) For this quality measure, a linear regression was

280

fitted between a single trial epoch of either ∆[HbO] or ∆[HbR] scaled to [0, 1] ys and a single

281

trial canonical HRF scaled to [0, 1] xs .

ys = xs · β + ϵs

16
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282

283

Here, β represents the strength of the fit and the residual term ϵs is a measure of the error of the
fit. The scaling of the epochs was performed using the min-max normalization

xs =

284

x − min(x)
max(x) − min(x)

(14)

Then, the residuals ϵs of the model fit were extracted and the sRMSE was calculated as follows

285

r Pn
sRM SE =

i=1 ϵs,i

n

(15)

286

For each subject and selected channel the single trial sRMSE values were then averaged across

287

trials to have a single value per subject. When comparing different models resulting from different

288

SAC methods, a low sRMSE value indicates low error of the corresponding model and is therefore

289

interpreted as stronger signal improvement as compared to a model with a higher sRMSE value.

290

Note that the RMSE is an important and often applied measure to validate the performance of

291

a linear regression model. However, since the RMSE is a scale dependent measure it is only

292

meaningful when comparing models based on the same data.37–39 If it is of interest to compare

293

several models based on different data sets, as in the present study, a scaling or normalization step

294

should be performed.39

295

Correlation (COR)

296

tween a single trial epoch of either ∆[HbO] or ∆[HbR] y and the corresponding canonical HRF

297

x was calculated. In order to use this value for statistical analysis, each single trial ρ was then

298

Fisher’s z-transformed and for each subject and selected channel averaged across trials. With re-

299

spect to the COR quality measure, when comparing two methods, the method with the higher

For this quality measure the Spearman rank correlation coefficient ρ be-

17
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300

COR value indicates a stronger relationship between HRF and trial and therefore a stronger signal

301

improvement.

302

Contrast-to-Noise Ratio (CNR)

303

is the contrast-to-noise ratio25, 40, 41

The third single trial quality measure for signal improvement

mean(ytask ) − mean(ybaseline )
CN R = p
var(ytask ) + var(ybaseline )

(16)

304

where mean and var indicate the mean and variance of either the single trial baseline ybaseline or

305

the task period ytask . As compared to previous implementations,25, 40, 41 in the present study, the

306

task period was slightly adapted by using the averaged data of the peak value ±2s of a given trial

307

within the time window of [-5, 25]s around stimulus onset. For each subject and selected channel

308

the single trial CNR were then averaged across trials. The higher the CNR value the larger the ratio

309

of task-related signal to noise and, correspondingly, the better data quality.

310

2.5.3 Quality Measures for Spatial Specificity

311

Spatial specificity characterizes how well defined a signal is in space. To prepare the data, the time

312

series signal of all regular channels were epoched [-5, 25]s around stimulus onset and baseline

313

corrected with the average of the signal from five seconds prior stimulus onset. In addition, the

314

beta values resulting from the GLMs of each correction method were extracted for both ∆[HbO]

315

and ∆[HbR].

316

Correlation Matrices with SDC (SDC CORMAT) For each single trial a correlation matrix

317

(Spearman correlation) was calculated based on the data of each of the 16 regular channels con-

18
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318

catenated to the data of the 8 SDCs from the NO SAC data. Matrices consisted thus of correlations

319

between all regular channels as well as between SDCs and all regular channels. For pruned chan-

320

nels, correlations were replaced by a NaNs. The single trial matrices were then averaged (using

321

function nanmean()) first within a subject and then across subjects separately for each method

322

(NO SAC, CAR, GCR, SSR, GLM ALL and GLM BH), data type (∆[HbO] and ∆[HbR]) and

323

task (SIM, ME LEFT, ME RIGHT and MI), resulting in a total of 6 × 2 × 4 = 48 correlation ma-

324

trices with dimensions 24 × 24. A more spatially specific signal would, on a descriptive level, be

325

indicated by (i) reduced correlations between regular channels and SDCs as well as (ii) exclusively

326

high correlations in the respective task-specific ROIs.

327

Topographical Beta Maps (BETA MAPS) For this quality measure no single trial data were

328

considered, instead, the whole time series was of interest. For both data sets (SIM data and real

329

data) and each correction method a separate AR-ILS34 GLM was applied, resulting in 2 data sets

330

× 6 correction methods = 12 GLMs per subject. For the SIM data one task-related regressor

331

consisting of all simulated onsets was added to the model. For the real (ME/MI) data, besides the

332

three task-related regressors (ME LEFT, ME RIGHT and MI) also regressors of the instruction and

333

the breaks were added. Additionally, first and second derivatives of each regressor were included

334

in the model.

335

Beta maps were generated based on the GLM outputs by averaging beta values for each regular

336

channel across subjects separately for SDC method (NO SAC, CAR, GCR, SSR, GLM ALL and

337

GLM BH), data type (∆[HbO] and ∆[HbR]) and task (SIM, ME LEFT, ME RIGHT and MI),

338

resulting in a total of 6 × 2 × 4 = 48 beta maps. Beta values of pruned regular channels were

339

replaced by a NaNs. For the topographical beta maps, spatial specificity would be judged as poor

19

bioRxiv preprint doi: https://doi.org/10.1101/2022.03.31.486522; this version posted April 1, 2022. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

340

if most of the channels show strong activation and as good if mainly channels of the expected task-

341

specific ROI show strong activation. That is, for the SIM data, only channels 6 and 8 should be

342

activated, for ME LEFT channels of ROI M1 RIGHT, for ME RIGHT channels of ROI M1 LEFT,

343

and for MI channels in ROI SMA should be activated.

344

2.6 Statistical Analyses

345

Statistical analyses were conducted with MATLAB 2019a, R (version 4.0.2, ’Taking Off Again’42 )

346

in combination with RStudio (version 1.3.109343 ) and JASP (version 0.16.144 ). Bayesian ANOVAs

347

(BANOVAs) and corresponding post hoc tests were conducted in JASP and individual Bayesian t-

348

tests were performed in R in combination with the BayesFactor package (function ttestBF; v0.9.12-

349

4.245 ). Except for generating the correlation matrices all statistical analyses were conducted within

350

the framework of Bayesian statistics instead of the inferential framework. The advantage of us-

351

ing this approach is that it allows to interpret both the alternative hypothesis (H1 ) and the null

352

hypothesis (H0 ). Note that instead of reporting a p-value in the Bayesian framework a Bayes

353

Factor (BF10 ) helps to quantify how much more likely the data are under either the H0 or the

354

H1 .46, 47 In the present work, the Bayes factors BF10 will be classified into different categories

355

following the guidelines by Lee and Wagenmakers46 which are as follows: BF10 < 100 extreme

356

evidence for H0 ,

357

dence for H0 ,

358

for H0 , 1 < BBF10 < 3 anecdotal evidence for H1 , 3 < BF10 < 10 moderate evidence for

359

H1 , 10 < BF10 < 30 strong evidence for H1 , 30 < BF10 < 100 very strong evidence for H1 ,

360

BF10 > 100 extreme evidence for H1 .

361

1
10

1
100

< BF10 <

< BF10 <

1
3

1
30

very strong evidence for H0 ,

moderate evidence for H0 ,

1
3

1
30

< BF10 <

1
10

strong evi-

< BF10 < 1 anecdotal evidence

For better readability, only a subset of the results of the vast number of statistical comparisons
20
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362

are reported in the main body of the manuscripts. These are results with Bayes Factors larger than

363

3 (moderate to extreme evidence in favor of H1 ). However, all statistical results as well as the

364

mean value (±SD) of each variable of interest are reported in tables in the Appendix.

365

2.6.1 Signal Improvement

366

For the comparison of quality measures sRMSE, COR and CNR for each task (SIM, ME and MI)

367

and signal type (∆[HbO] and ∆[HbR]) a one factorial Bayesian repeated-measures ANOVA (rm-

368

BANOVA) with the factor METHOD (NO SAC, CAR, GCR, SSR, GLM ALL and GLM BH)

369

compared to the null model was conducted and Bayes Factors BF10 were reported. Prior odds

370

P(M) were set as the default of P(M) = 0.5. Post hoc analyses were only conducted if the BANOVA

371

showed at least moderate (BF10 > 3) evidence favoring the alternative hypothesis (H1 ). As im-

372

plemented by default in JASP, the post hoc analyses are based on the default t-test with a Cauchy

373

(0,

374

P(M—data) were corrected for multiple testing by fixing to 0.5 the prior probability that the H0

375

holds across all comparisons.44

√1 )
2

prior, that is, prior odds were set as the default value of P(M) = 0.26 and posterior odds

376

For all three measures the general expectation was that (i) all correction methods show lower

377

(sRMSE) or higher (COR, CNR) values, respectively, as compared to NO SAC and that (ii) values

378

resulting from correction methods with SDCs (SSR, GLM ALL and GLM BH) are lower (sRMSE)

379

or higher (COR, CNR), respectively, as compared to values resulting from correction methods

380

without SDCs (CAR and GCR).

21
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381

2.6.2 Spatial Specificity

382

Correlation Matrices with SDC (SDC CORMAT) On a purely descriptive level, it was ex-

383

pected that data from corrected channels show less correlation with the SDCs and that matrices

384

show higher spatial specificity by showing stronger correlations within ROIs as compared to the

385

NO SAC data.

386

For statistical analysis, a Bayesian paired t-test was performed on the lower triangular part of

387

the correlation matrices for any two pairs of correction methods (total of 15 pairs) within task

388

(SIM, ME LEFT, ME RIGHT, MI) and signal type (∆[HbO] and ∆[HbR]). In total, 15 × 4 tasks

389

× 2 signal types = 120 t-tests were conducted for which Bayes Factors BF10 were reported. The

390

default of a medium prior with P (M ) =

391

expected (i) that matrices resulting from any correction method will differ from the correlation

392

matrix of NO SAC as well as (ii) differences between correlation matrices resulting from methods

393

with SDC (SSR, GLM ALL and GLM BH) and those resulting from methods without SDCs (CAR

394

and GCR).

395

Topographical Beta Maps (BETA MAPS)

396

the beta values of the GLMs were used to generate average topographical beta maps for each

397

method (NO SAC, CAR, GCR, SSR, GLM ALL and GLM BH), signal type (∆[HbO] and ∆[HbR])

398

and task (SIM, ME LEFT, ME RIGHT and MI), resulting in a total of 6 methods × 2 signal types

399

× 4 tasks = 48 topographical beta maps. For statistical comparisons, for each of the 16 regular

400

channels of any of these beta maps an one-sample Bayesian t-test was conducted by using the

401

default of a medium prior with P (M ) =

√

2
2

was applied. Across tasks and signal types, we

For visual inspection and qualitative comparisons,

√

402

2
2

and Bayes Factors BF10 are reported. The

On a purely descriptive level, the general expectation within each task and signal type was that
22
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403

(i) spatial specificity increases after applying any SAC methods as compared to NO SAC and that

404

(ii) methods with SDC correction show a higher spatial specificity as compared to methods without

405

SDCs. Statistically, this would be reflected by strongest Bayes factors in channels 6 and 8 of the

406

SIM DATA and for ME LEFT and ME RIGHT by strongest Bayes Factors resulting from channels

407

on the hemisphere contralateral to the performing hand. For MI data the expectation is less strong,

408

but the general expectation would be get the strongest Bayes factors for ROI SMA.

409

3 Results

410

3.1 Signal Improvement

411

3.1.1 Scaled Root Mean Square Error (sRMSE)

412

The mean sRMSE values (±SEM ) are visualized in Figure 2. Decriptively, the sRMSE values

413

of ∆[HbO] show only for the SIM data a clear difference between data of all SAC methods and

414

the data of NO SAC (cf. Figure 2 A). For ∆[HbR], the pattern for the correction methods of the

415

SIM data is less clear. However, mean sRMSE values for CAR and both GLM methods seem

416

to decrease as compared to NO SAC (cf. Figure 2 B). For both data types of ME and MI data,

417

descriptively, the mean sRMSE values either increase for the correction methods or seem to be

418

comparable to those of the NO SAC data.

23
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Fig 2 Illustration of the scaled root mean squared error (sRMSE) results including all three data types (columns; SIM,
ME and MI) of (A) ∆[HbO] and (B) ∆[HbR]. Boxes represent mean sRMSE values and error bars represent standard
error of the mean. Below each subfigure statistical results are displayed by color coded stars representing Bayes factors
BF10 . Red colors indicate evidence favoring the alternative hypothesis H1 , that is, that there are differences between
two correction methods and blue colors indicate evidence favoring the null hypothesis H0 , that is, that there are no
differences between two correction methods.

Detailed statistical results are reported in Table 1. With respect to the ∆[HbO]

419

SIM DATA

420

data, the rmBANOVA revealed extreme evidence favoring the H1 . Post hoc tests revealed extreme

421

evidence that all of the correction methods differed from NO SAC in that their sRMSE values were

24
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422

lower than that of NO SAC (all < NO SAC). Additionally, the comparisons between GLM ALL

423

and SSR as well as GLM BH indicated extreme evidence and between GLM ALL and GCR very

424

strong evidence for a difference in favour of GLM ALL (GLM ALL < SSR, GLM BH, GCR).

425

For ∆[HbR], data did not provide evidence for a difference in rRMSE between SAC methods.

426

Instead, rmBANOVA indicated anecdotal evidence favoring the H0 .

427

ME DATA Detailed statistical results are reported in Table 1. For the ∆[HbO] data, the rm-

428

BANOVA revealed extreme evidence favoring the H1 . Post hoc tests indicated that evidence was

429

strong for a raised sRMSE for GCR. This included the comparisons between GCR and NO SAC,

430

GCR and GLM ALL and GCR and GLM BH (GCR > NO SAC, GLM ALL, GLM BH). Sim-

431

ilarly, there was strong evidence for a higher sRMSE for CAR compared to NO SAC, CAR com-

432

pared to GLM ALL and CAR compared to GLM BH (CAR > NO SAC, GLM ALL, GLM BH).

433

Note that for the comparisons with NO SAC the opposite direction was expected, that is, expected

434

were lower sRMSE values for GCR and CAR as compared to NO SAC.

435

For ∆[HbR], data did not provide evidence for a difference in rRMSE between SAC methods.

436

Instead, rmBANOVA indicated anecdotal evidence favoring the H0 .

437

MI DATA

438

BANOVA revealed moderate evidence favoring the H1 . Post hoc tests revealed moderate differ-

439

ences between NO SAC and CAR as well as between NO SAC and SSR, where in contrast to our

440

expectations both CAR and SSR show increased sRMSE values as compared to NO SAC (CAR,

441

SSR > NO SAC).

442

Detailed statistical results are reported in Table 1. For the ∆[HbO] data, the rm-

Regarding the ∆[HbR] data, the rmBANOVAs revealed very strong evidence favoring the H0 .
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443

3.1.2 Correlation (COR)

444

The means of the Fisher’s z-transformed Spearman correlations COR (±SEM ) are illustrated in

445

Figure 3. Descriptively, for both ∆[HbO] and ∆[HbR] SIM data mean COR values were higher

446

for all SAC methods as compared to NO SAC. For ME ∆[HbO] data, only the SAC methods with

447

SDCs showed an increase in COR as compared to NO SAC whereas both methods without SDCs

448

showed a decrease in COR. For ∆[HbR] of ME data and both ∆[HbO] and ∆[HbR] of the MI

449

data, COR values of the SAC methods either decreased or were comparable to NO SAC.
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Fig 3 Illustration of the Fisher’s z-transformed Spearman correlation (COR) results including all three data types
(columns; SIM, ME and MI) of (A) ∆[HbO] and (B) ∆[HbR]. Circles represent mean COR values and error bars
represent standard error of the mean. Below each subfigure statistical results are displayed by color coded stars
representing Bayes factors BF10 . Red colors indicate evidence favoring the alternative hypothesis H1 , that is, that
there are differences between two correction methods and blue colors indicate evidence favoring the null hypothesis
H0 , that is, that there are no differences between two correction methods.

450

SIM DATA Detailed statistical results are reported in Table 2. For ∆[HbO] the rmBANOVA

451

revealed extreme evidence favoring the H1 . Post hoc tests indicated extreme evidence for the

452

differences between NO SAC and all other correction methods, resulting from higher COR values
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453

of the correction methods as compared to NO SAC. For GLM ALL there was also extreme evidence

454

for higher COR values compared to GCR, SSR and GLM BH and very strong evidence for higher

455

COR values compared to CAR (GLM ALL > GCR, SSR, GLM BH and CAR).

456

For ∆[HbR] the rmBANOVA revealed strong evidence favoring the H1 . Post hoc tests indi-

457

cated higher COR values for GLM ALL compared to NO SAC, SSR and GLM BH, with extreme

458

evidence for the difference between NO SAC and GLM ALL and moderate evidence for differ-

459

ences between GLM ALL and SSR as well as GLM BH (GLM ALL > NO SAC, SSR, GLM

460

BH). Moreover, COR was higher for GLM BH compared NO SAC (GLM BH > NO SAC) with

461

moderate evidence for the difference.

462

ME DATA Detailed statistical results are reported in Table 2. For the ∆[HbO] data, the rm-

463

BANOVA revealed extreme evidence favoring the H1 . Post hoc tests indicated extreme evidence

464

for differences between GLM ALL and and GCR and very strong evidence for differences be-

465

tween GLM ALL and CAR with higher COR values for GLM ALL in both comparisons (GLM

466

ALL > GCR, CAR). Moreover, there was evidence for particularly low COR values for GCR,

467

with strong evidence for differences between GCR and SSR and between GCR and GLM BH, and

468

moderate evidence for the difference between GCR and NO SAC (SSR, GLM BH, NO SAC >

469

GCR). There was also moderate evidence for the difference between CAR and SSR, with higher

470

COR values for SSR (SSR > CAR).

471

With respect to the ∆[HbR] data, the rmBANOVA revealed strong evidence favoring the H1 .

472

Post hoc tests revealed moderate evidence for differences between CAR and NO SAC as well as

473

between CAR and GLM BH. Note that these differences result from lower COR values for CAR

474

as compared to NO SAC and GLM BH (NO SAC, GLM BH > CAR).

28

bioRxiv preprint doi: https://doi.org/10.1101/2022.03.31.486522; this version posted April 1, 2022. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Detailed statistical results are reported in Table 2. For ∆[HbO] the rmBANOVA

475

MI DATA

476

revealed extreme evidence favoring the H1 . Post hoc tests revealed very strong evidence for dif-

477

ferences between GCR and GLM ALL and strong evidence for differences between GCR and NO

478

SAC (GLM ALL, NO SAC > GCR). Moreover, there was moderate evidence for a difference

479

between CAR and NO SAC as well as between CAR and GLM ALL (NO SAC, GLM ALL >

480

CAR). Note that these differences result from lower COR values for GCR and CAR as compared

481

to the other methods.

482

With respect to ∆[HbR], the rmBANOVA revealed very strong evidence favoring the H1 .

483

Post hoc tests indicated strong evidence for differences between GCR and NO SAC and moderate

484

evidence for differences between GCR and GLM ALL as well as between GCR and GLM BH.

485

Again, note that these differences result from lower COR values of GCR as compared to NO SAC,

486

GLM ALL and GLM BH (NO SAC, GLM ALL, GLM BH > GCR).

487

3.1.3 Contrast-to-Noise Ratio (CNR)

488

The mean CNRs (±SEM ) are illustrated in Figures 4 A and B. Descriptively, with respect to

489

the SIM data of both ∆[HbO] and ∆[HbR] all SAC methods show increased CNR values as

490

compared to NO SAC. For ∆[HbO] of the ME data, all SAC methods with SDCs show increased

491

CNR values as compared to NO SAC and for ∆[HbR] of the ME data, only both GLM methods

492

show increased CNR values. In contrast, methods without SDCs show slightly decreased CNR

493

values as compared to NO SAC. With respect to both data types of the MI data, only the GLM

494

methods seem to result in slightly increased CNR values as compared to NO SAC and all other

495

methods seem to be comparable with NO SAC.
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Fig 4 Illustration of the contrast-to-noise ratio (CNR) results including all three data types (columns; SIM, ME and
MI) of (A) ∆[HbO] and (B) ∆[HbR]. Diamonds represent mean CNR values and error bars represent standard error
of the mean. Below each subfigure statistical results are displayed by color coded stars representing Bayes factors
BF10 . Red colors indicate evidence favoring the alternative hypothesis H1 , that is, that there are differences between
two correction methods and blue colors indicate evidence favoring the null hypothesis H0 , that is, that there are no
differences between two correction methods.

Detailed statistical results are reported in Table 3. With respect to the ∆[HbO]

496

SIM DATA

497

data, the rmBANOVA revealed extreme evidence favoring the H1 . As compared to NO SAC, post

498

hoc tests revealed extreme evidence for differences to CAR, GLM ALL as well as GLM BH, very
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499

strong evidence for differences to SSR and moderate evidence for differences to GCR, all resulting

500

from higher CNR values in favor of the correction methods as compared to NO SAC (NO SAC

501

< CAR, GCR, SSR, GLM BH and GLM ALL). Moreover, there was extreme evidence for

502

differences between GLM ALL and GCR, strong evidence for differences between GLM ALL

503

and SSR as well as GLM BH and moderate evidence for differences between GLM ALL and

504

CAR, reflecting the overall highest CNR for GLM ALL (GLM ALL > GCR, SSR, GLM BH

505

and CAR). In addition, there was strong evidence for a differences between CAR and GCR with

506

higher CNR for CAR (CAR > GCR)).

507

Regarding the ∆[HbR] data, the rmBANOVA revealed anecdotal evidence favoring the H1 .

Detailed statistical results are reported in Table 3. For ∆[HbO] the rmBANOVA re-

508

ME DATA

509

vealed extreme evidence favoring the H1 . Post hoc tests revealed extreme evidence for differences

510

between GLM ALL and NO SAC, CAR as well as GCR and moderate evidence for differences be-

511

tween GLM ALL and GLM BH, all resulting from higher CNR values of GLM ALL as compared

512

to all other methods (GLM ALL > CAR, GCR, SSR, GLM BH and NO SAC). Evidence was

513

very strong for a difference between GCR and SSR as well as between GCR and GLM BH, with

514

reduced CNR values for GCR (SSR, GLM BH > GCR). Moreover, evidence was strong for a

515

smaller CNR for CAR compared to GLM BH and moderate for a smaller CNR for CAR compared

516

to SSR (GLM BH, SSR > CAR). Moderate evidence was also found for the difference between

517

NO SAC and GLM BH with higher CNR for GLM BH (GLM BH > NO SAC).

518

For ∆[HbR] the rmBANOVA indicated extreme evidence favoring the H1 . Post hoc tests

519

indicated that this was related to reduced CNR values for CAR compared to GLM ALL, for which

520

strong evidence was found, and for CAR compared to GLM BH, for which moderate evidence
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521

was found (GLM ALL, GLM BH > CAR). Similarly, there was strong evidence for differences

522

between GCR and GLM ALL and between GCR and GLM BH reflecting smaller CNR values for

523

GCR (GLM ALL, GLM BH > GCR) .

524

MI DATA Detailed statistical results are reported in Table 3. Regarding the ∆[HbO] data, the

525

rmBANOVA revealed very strong evidence favoring the H1 . Post hoc comparisons indicated strong

526

evidence for a difference between GLM ALL and CAR and moderate evidence for a difference

527

between GLM ALL and GCR, with larger CNR values for GLM ALL (GLM ALL > CAR,

528

GCR). Moreover, there was moderate evidence for differences between CAR and NO SAC and

529

between CAR and GLM BH, reflecting particularly small CNR values for CAR (NO SAC, GLM

530

BH > CAR).

531

For the ∆[HbR] data, the rmBANOVA revealed strong evidence favoring the H1 . Post hoc

532

tests revealed that this related to highest CNR values for GLM ALL with moderate evidence for

533

the differences between GLM ALL and GCR and between GLM ALL and CAR (GLM ALL >

534

GCR, CAR). Evidence was also moderate for the difference between GLM BH and GCR with

535

higher CNR values for GLM BH (GLM BH > GCR).

536

3.2 Spatial Specificity

537

3.2.1 Correlation Matrices with SDCs (SDC CORMAT)

538

Overall and across tasks, descriptively, the correlation matrices of ∆[HbO] for NO SAC showed a

539

strong influence of the systemic activity across channels, indicated by high correlation coefficients

540

between regular channels as well as between regular channels and SDCs. The high correlations

541

are already attenuated but not absent when considering ∆[HbR] (cf. Figures 5 B, 6 B and 7 B).
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542

For both signal types correlations with SDCs are highly reduced after applying correction methods

543

irrespective of using SDCs for correction or not. However, negative correlations between regular

544

channels as well as between regular channels and SDCs resulted from correction with methods

545

CAR and GCR.

546

Statistical analyses were run with Bayesian paired t-tests, performed on the lower triangular

547

part of the correlation matrices for any two pairs of correction methods. The results of all t-tests

548

are summarized in table 4 of the Appendix.

549

SIM DATA As visualized in Figure 5 B, for both ∆[HbO] and ∆[HbR], nearly all SDC COR-

550

MAT comparisons indicated extreme evidence for differences between correction methods. Ex-

551

ceptions were comparisons between CAR and GCR with respect to ∆[HbO] and ∆[HbR] as well

552

as between methods GLM ALL and GLM BH for the ∆[HbR] data.
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Fig 5 Illustration of the spatial specificity results for SIM data. (A) visualizes averaged time series data of both
∆[HbO] and ∆[HbR] including all channels for all correction methods. For method NO SAC, additionally, the
averaged time series data of the SDCs is visualized (top left panel). The black oval marks the ROI, M1 LEFT.(B)
shows the averaged correlation matrices of ∆[HbO] and ∆[HbR]. Colored stars below a correlation matrix represent
Bayes Factors of the statistical comparison between the respective matrix and the matrix belonging to the correction
method that is indicated by the colored polygon above the Bayes Factor. Note that the order of the regular channels
in the matrix is arbitrarily chosen in that the order always starts in the lower left corner with channels outside the
ROI (in ascending order, indicated by white circles) and are followed by channels inside the ROI (in ascending order,
indicated by grey circles and corresponding to ROI M1 left). (C) shows the topographical beta maps (BETA MAPS)
of ∆[HbO] and ∆[HbR]. Each circle represents a channel with its corresponding mean beta value. The star within a
circle represents the Bayes Factor resulting from the Bayesian t-test of the beta values of the respective channel. The
black oval marks the ROI, M1 LEFT.

553

ME DATA

554

evidence for differences between correlation matrices. Exceptions were the comparisons between

555

CAR and GCR and between SSR and GLM BH for both ∆[HbO] and ∆[HbR].

For both ME LEFT and ME RIGHT (cf. Figures 6 B), results indicated extreme
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Fig 6 Illustration of the spatial specificity results of ME LEFT and ME RIGHT data. (A) visualizes averaged time
series data of both ∆[HbO] and ∆[HbR] including all channels for all correction methods. For method NO SAC,
additionally, the averaged time series data of the SDCs is visualized (top left panel). The black ovals mark the ROI,
M1 LEFT and RIGHT.(B) shows the averaged correlation matrices of ∆[HbO] and ∆[HbR]. Colored stars below a
correlation matrix represent Bayes Factors of the statistical comparison between the respective matrix and the matrix
belonging to the correction method that is indicated by the colored polygon above the Bayes Factor. Note that the
order of the regular channels in the matrix is arbitrarily chosen in that the order always starts in the lower left corner
with channels outside the ROI (in ascending order, indicated by white circles) and are followed by channels inside the
ROI (in ascending order, indicated by grey circles and corresponding to ROI M1 left). (C) shows the topographical
beta maps (BETA MAPS) of ∆[HbO] and ∆[HbR]. Each
35 circle represents a channel with its corresponding mean
beta value. The star within a circle represents the Bayes Factor resulting from the Bayesian t-test of the beta values of
the respective channel. The black ovals mark the ROIs, M1 LEFT and RIGHT.
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556

MI DATA

557

in extreme evidence for differences. Sole exception was the comparison between CAR and GCR.

558

This pattern was identical for ∆[HbO] and ∆[HbR].

As illustrated in Figure 7 B, all comparisons between correlation matrices resulted

Fig 7 Illustration of the spatial specificity results for SIM data. (A) visualizes averaged time series data of both
∆[HbO] and ∆[HbR] including all channels for all correction methods. For method NO SAC, additionally, the
averaged time series data of the SDCs is visualized (top left panel). The black oval marks the ROI, SMA.(B) shows
the averaged correlation matrices of ∆[HbO] and ∆[HbR]. Colored stars below a correlation matrix represent Bayes
Factors of the statistical comparison between the respective matrix and the matrix belonging to the correction method
that is indicated by the colored polygon above the Bayes Factor. Note that the order of the regular channels in the
matrix is arbitrarily chosen in that the order always starts in the lower left corner with channels outside the ROI (in
ascending order, indicated by white circles) and are followed by channels inside the ROI (in ascending order, indicated
by grey circles and corresponding to ROI M1 left). (C) shows the topographical beta maps (BETA MAPS) of ∆[HbO]
and ∆[HbR]. Each circle represents a channel with its corresponding mean beta value. The star within a circle
represents the Bayes Factor resulting from the Bayesian t-test of the beta values of the respective channel. The black
oval marks the ROI, SMA.
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559

3.2.2 Topographical Beta Maps (BETA MAPS)

560

The beta maps for each method are visualized for SIM in Figure 5 C, for ME in Figure 6 C and for

561

MI in Figure 7 C. As expected, descriptively, the beta maps of the SIM data showed the strongest

562

activation in channel 6 (100% amplitude) directly followed by channel 8 (50% amplitude) across

563

methods and data types. For the real data, visual inspection shows all SAC methods differ clearly

564

from the NO SAC data for which beta values indicated comparable activation across channels. For

565

instance, a clearer lateralization in the ME beta maps can be seen after correction (cf. Figure 6

566

C). In addition, clear differences between SAC methods with and without SDCs are visible across

567

tasks. That is, for SAC methods without SDCs but not for SAC methods with SDCs beta maps

568

show either unexpectedly negative (∆[HbO]) or positive (∆[HbR]) beta values for some channels.

569

SIM DATA With respect to the ∆[HbO] BETA MAPS (cf. Figure 5 C top), for all methods

570

the one sample Bayesian t-tests of channels 6 and 8 revealed extreme evidence for differing pos-

571

itively from zero. This was expected because these channels contain the simulated hemodynamic

572

response. One additional channel differed positively from zero for methods GLM ALL and GLM

573

BH. For methods CAR and GCR one sample Bayesian t-tests indicated at least moderate evi-

574

dence for a difference from zero at respectively six and seven additional channels. Differences

575

were mostly but not exclusively due to negative beta values (cf. Table 5 in the Appendix for exact

576

values).

577

Regarding the ∆[HbR] BETA MAPS (cf. Figure 5 C bottom), results indicated similarly for

578

all methods and as expected extreme evidence for a negative difference from zero for simulated

579

channels 6 and 8. Only methods CAR and GCR resulted in additional channels but with evidence

580

for positive differences from zero (cf. Table 5 in the Appendix for exact values).
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581

ME DATA Regarding the ∆[HbO] data of both ME LEFT and ME RIGHT (cf. Figure 6 C

582

top two rows), BETA MAPS for method NO SAC showed moderate to extreme evidence for

583

differing positively from zero across all channels (16/16). For CAR one sample Bayesian t-tests

584

indicated that a small number of channels differed positively (ME LEFT: 1/6 in ROI M1 RIGHT;

585

ME RIGHT: 2/6 in ROI M1 LEFT) or for negatively (both ME LEFT and ME RIGHT: 2/16 in

586

ROI SMA) from zero. Results were similar for GCR (positive differences ME LEFT: 3/16 in all

587

ROIs, 1/16 in M1 RIGHT; ME RIGHT: 1/16 in ROI SMA; negative differences ME LEFT: 2/16

588

in all ROIs; ME RIGHT: 1/16 in ROI SMA). Statistical analysis of BETA MAPS of method SSR

589

showed for most channels moderate to extreme evidence for differing positively from zero (ME

590

LEFT: 12/16 in all ROIs, 5/6 in M1 RIGHT; ME RIGHT: 12/16 in all ROIs, 5/6 in M1 LEFT).

591

BETA MAPS for methods GLM ALL and GLM BH differed with moderate to extreme evidence

592

positively from zero in a medium number of channels (GLM ALL: ME LEFT: 10/16 in all ROIs,

593

5/6 in M1 RIGHT; ME RIGHT: 7/16 in all ROIs, 5/6 in M1 LEFT; GLM BH: ME LEFT: 8/16 in

594

all ROIs, 4/6 in M1 RIGHT; ME RIGHT: 7/16 in all ROIs, 5/6 in M1 LEFT) (cf. Table 6 in the

595

Appendix for exact values).

596

For ∆[HbR] of NO SAC, for ME LEFT data 14 of 16 and for ME RIGHT data of 12 of

597

16 channels provided evidence for moderate to extreme evidence for negatively differing from

598

zero as indicated by the results of one sample Bayesian t-tests (cf. Figure 6 C bottom two rows).

599

Statistical results for methods CAR and GCR revealed in more channels evidence for differing

600

positively from zero (CAR: ME LEFT: 3/16 in all ROIs; ME RIGHT: 6/16 in all ROIs; GCR:

601

ME LEFT: 3/7 in all ROIs; ME RIGHT: 4/16 in all ROIs) than for differing negatively from zero

602

(CAR: ME LEFT: 1/6 in ROI M1 RIGHT; ME RIGHT: 0/16; GCR: ME LEFT: 3/16 in all ROIs;

603

ME RIGHT: 1/8 in ROI SMA), which would however be the expected direction. Results for SSR
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604

showed moderate to extreme evidence for most channels to differ negatively from zero (ME LEFT:

605

14/16 in all ROIs, 6/6 in M1 RIGHT; ME RIGHT: 10/16 in all ROIs, 4/6 in M1 LEFT). For GLM

606

ALL and GLM BH, the number of channels with evidence for differing negatively from zero was

607

similar or slightly reduced compared to SSR (GLM ALL: ME LEFT: 13/16 in all ROIs, 5/6 in M1

608

RIGHT; ME RIGHT: 8/16 in all ROIs, 4/6 in M1 LEFT; GLM BH: ME LEFT: 13/16 in all ROIs,

609

5/6 in M1 RIGHT; ME RIGHT: 11/16 in all ROIs, 4/6 in M1 LEFT). For more details see Table 6

610

in the Appendix.

611

MI DATA Regarding the ∆[HbO] data of NO SAC, data of 15 out of 16 channels across all

612

ROIs provided moderate to extreme evidence for differing positively from zero (cf. Figure 7 C

613

top). Regarding CAR and GCR, there was evidence for one channel to differ positively (ROI M1

614

LEFT) and for one channel to differ negatively (SMA) from zero. For SSR, 12 out of 16 channels

615

across all ROIs differed positively from zero with moderate to extreme evidence. For GLM ALL,

616

data of 8 out of 16 and for GLM BH 10 out of 16 channels across all ROIs provided moderate

617

to very strong evidence for differing positively from zero (cf. Table 7 in the Appendix for exact

618

values).

619

With respect to ∆[HbR], one sample Bayesian t-tests provided moderate to extreme evidence

620

for beta values to differ negatively from zero in 11 out of 16 channels across all ROIs for NO SAC

621

(cf. Figure 7 C bottom). For method CAR, for 5 out of 16 channels across all ROIs evidence

622

was at least moderate for a positive difference from zero, while for 3 further channels evidence

623

was at least moderate for a negative difference (ROIs M1 LEFT and M1 RIGHT). For GCR, there

624

was evidence for differing positively from zero for 5 out of 16 channels across all ROIs and for

625

differing negatively from zero for 4 out of 16 channels across all ROIs. Method SSR was linked to
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626

evidence indicating a negative difference from zero for 10 out of 16 channels across all ROIs. For

627

GLM ALL this was only the case for 7 and for GLM BH for 8 out of 16 channels and across all

628

ROIs (cf. Table 7 in the Appendix for exact values).

629

4 Discussion

630

The present study aimed at comparing systemic activity correction (SAC) methods with (SSR,

631

GLM ALL and GLM BH) and without (CAR and GCR) short distance channels (SDCs) as well as

632

preprocessed but otherwise uncorrected data (NO SAC) on the single trial level. SAC methods were

633

applied to semi-simulated (SIM) and real (ME and MI) data of healthy elderly individuals. Quality

634

measures quantified signal improvement and spatial specificity associated with SAC correction for

635

both ∆[HbO] and ∆[HbR].

636

4.1 Signal Improvement

637

Signal improvement was assessed on a single trial basis using scaled root mean squared error

638

(sRMSE), Spearman correlation (COR) and contrast-to-noise ratio (CNR). Across all tasks and

639

quality measures, we observed that the (uncorrected) ∆[HbO] data is more affected by SA as

640

compare to the (uncorrected) ∆[HbR] data. In addition, both semi-simulated and real data the

641

quality measures changed for ∆[HbR] after correction, which confirms that ∆[HbR] is influenced

642

by SA too and should thereby be corrected accordingly.26

643

Across all three measures, the effect of SA correction was most prominent for SIM data, which

644

is in line with previous findings.13 Of the SAC methods applied, GLM ALL outperformed all

645

other approaches for SIM data. For the real data, descriptively, GLM ALL also tended to rank

646

first, however, statistically this could only be confirmed for a subset of comparisons. Moreover, for
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647

the real data but not the SIM data, methods without SDCs showed in most cases a signal decline

648

rather than an improvement. Potential reasons for the varying results between SIM data and the

649

real data might be the different signal-to-noise ratios (SNR) and the lacking task-related activation

650

in the SDCs of the SIM data.13 The latter might have resulted in an overestimation of the effect of

651

the correction methods for the SIM data, because here, in contrast to real data, the SA measured

652

at SDCs and the synthetic canonical HRF are virtually uncorrelated. Moreover, quality measures

653

sRMSE and COR were based on the assumption that the underlying hemodynamic response in

654

the signal corresponds to a canonical HRF peaking at 6s after stimulus onset. This assumption is

655

met perfectly for SIM data, but, in all likelihood, to a much smaller degree for the real data. This

656

likely resulted in reduced sensitivity of measures sRMSE and COR for the assessment of signal

657

improvement in real data. To improve the sensitivity of HRF based quality measures a GLM-

658

based deconvolution could be applied in future studies to estimate the individual unknown task-

659

related HRF.48, 49 The individually estimated HRF could then be used for quality measures sRMSE

660

and COR. In general, however, it would be beneficial to have quality measures assessing signal

661

improvement that have less assumptions regarding shape and timing properties of the underlying

662

signal. In the present study, this class of quality measure was represented by the CNR, in which

663

the ratio of the baseline and the peak of a given trial is evaluated independent of the general shape

664

or the peak latency. Across all quality measures quantifying signal improvement the CNR seemed

665

indeed to be the most sensitive quality measure as it picked up the expected differences in signal

666

improvement also for real data. The CNR is, however, also not without problems, as one of its

667

defining features reflects the activation strength resulting from a task or event. This could for

668

instance have contributed to the larger CNR differences between corrected and uncorrected data

669

for ME DATA compared to MI DATA (cf. Figure 4 A and B), in spite of the underlying data set
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670

being the same.

671

To sum up, single trial signal improvement was clearest and most consistent for the SIM data.

672

It was generally higher for methods with SDCs as compared to methods without SDCs and as

673

compared to the uncorrected data. The overall best performing method was GLM ALL. How-

674

ever, neither signal improvement quality measure seems suitable to exclusively quantify signal

675

improvement alone, because measures are either dependent on potentially inaccurate assumptions

676

regarding the shape of the HRF or because they are influenced by the magnitude of the activation

677

resulting from a task or event.

678

4.2 Spatial Specificity

679

Spatial specificity was investigated by means of Spearman correlation matrices (SDC CORMAT)

680

at the singe trial level and by considering topographical beta maps (BETA MAPS) resulting from

681

GLM analyses based on the whole time series. Spatial specificity measures were primarily in-

682

tended to be used as descriptive measures, statistical comparisons were performed only comple-

683

mentary.

684

Overall, uncorrected (NO SAC) ∆[HbO] and ∆[HbR] data were clearly affected by SA. How-

685

ever, spatial specificity of ∆[HbO] data was already much lower as compared to ∆[HbR] data

686

as was evident from very high correlations between regular channels as well as between regular

687

channels and SDCs (SDC CORMAT). Also, for NO SAC ∆[HbO], and here in particular for real

688

data, beta activation was strong across nearly all regular channels (cf. Figures 5, 6 and 7). Across

689

all tasks and data types, correlations between regular channels and between regular channels and

690

SDCs were highly reduced for all applied correction methods. Likewise, beta activation revealed

691

in most cases a more defined spatial pattern following SAC correction. For both spatial specificity
42

bioRxiv preprint doi: https://doi.org/10.1101/2022.03.31.486522; this version posted April 1, 2022. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

692

measures, methods without SDCs (CAR and GCR) resulted in negative correlations and negative

693

activation. This pattern is highly suggestive of an overcorrection resulting from these methods,

694

which is also a problem for other methods without SDCs, for instance, ICA-based methods.48

695

Summarized, both SDC CORMAT and BETA MAPS seem well suited for picking up improve-

696

ments in spatial specificity following SA correction, but also for spotting potential overcorrection.

697

A drawback is that not all the differences between matrices and maps that are easily spotted by

698

eye are suitable for statistical testing. Moreover, a single trial equivalent of the BETA MAPS mea-

699

sure would be useful for assessing changes in spatial specificity at the single trial level, at which

700

neurofeedback and BCIs work.

701

4.3 Correction Methods

702

4.3.1 Common Average Reference (CAR)

703

The CAR method22 is a spatial filter for which in the present study the averaged signal across all

704

regular channels was subtracted from each individual channel. Of the two methods without SDCs,

705

CAR resulted in a greater signal improvement. Surprisingly, for the SIM data, signal improvement

706

following CAR was larger as compared to SSR and GLM BH across all three quality measures.

707

However, for the real data CAR seems to overcorrect the data. Overcorrection was also suggested

708

by spatial specificity measures with negative correlations (SDC CORMAT) and negative beta val-

709

ues (BETA MAPS) across all tasks. On the other hand, channels indicated as active by BETA

710

MAPS were comparable to the methods with SDCs, as for instance reflected in the lateralization

711

pattern for the ME DATA (cf. Figure 6 B and D). This indicates a good spatial specificity of CAR

712

for strongly activating tasks.
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713

The negativity in the signal following CAR is not surprising given that strongly activated chan-

714

nels affect the amplitude of the averaged signal and channels with no or lower amplitudes get

715

pushed into the reversed direction. A workaround would be to omit the channels in the critical

716

ROI from the averaged signal. However, this only works if the ROI covers the peak activation and

717

when channels outside of the ROI are not expected to be active. This is rather unlikely for any

718

but purely perceptual tasks, and even here it is doubtful. A more advanced version of this method

719

could be to regress out the average across all channels, for instance, by using the SSR19 method,15

720

instead of simply subtracting it. Moreover, for the implemented version of the CAR method or any

721

modification thereof, a proper channel quality check and channel pruning is important in order to

722

avoid to subtract data of poor quality into a given channel.

723

Overall, although it can result in artificial negativity of inactive channels, CAR seems to be a

724

good and easy to implement choice if no SDCs are available and if only data of one channel or a

725

very circumscribed ROI covering the peak activation will be used for (online) processing.

726

4.3.2 Global Component Removal (GCR)

727

The GCR method23 is a spatial filter that combines a Gaussian kernel smoothing by taking into

728

account the MNE coordinates of the channel positions and a singular value decomposition. Re-

729

garding the signal improvement measures, for SIM the results indicated a signal improvement

730

across all quality measures. For the real data the opposite was evident, that is, results indicated

731

a signal decline. Overcorrection was indicated by strong negative correlations between regular

732

channels and between regular channels and SDCs, and by negative beta activation across tasks

733

and data types. The reason for the artificial negative activation is probably the combination of

734

the relatively low spatial coverage and the large-sized kernel.23 Although the probe in the present
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735

study falls into the recommended minimum area23 it seems that this method needs a much higher

736

head coverage. In a recent study24 it was shown that higher-density data corrected by means of

737

the GCR was comparable to that corrected by a regression-based approach using SDCs. However,

738

this approach considered only the first two principal components24 of the SDC data and therefore

739

missed potentially important spatial information that could have made a difference to the results.

740

On the whole, the GCR method performed well for SIM data but not for the real data. There-

741

fore, it should be used with care and should only be applied with sufficiently high spatial coverage

742

to avoid overcorrection. To decide whether the number of channels is sufficient a comparison of

743

the beta output of a GLM (as done for BETA MAPS) before and after correction might be helpful.

744

4.3.3 Short Separation Regression (SSR)

745

The SSR method19 is a simple regression method. In the present study, we applied SSR-based

746

correction using the spatially closest SDC to a given regular channel. For both signal improvement

747

and spatial specificity measures, out of the correction methods with SDCs the SSR performed

748

poorest and in some cases performed worse than methods without SDCs. Moreover, for real data,

749

the spatial specificity measures suggested a stronger impact of SA after correction compared to the

750

two GLM methods (cf. Figures 6 and 7). One explanation for this limited performance might be

751

that the closest SDC is not necessarily the best choice for SSR. Alternatively, the SDC with the

752

highest correlation, with the average across SDCs or with the first n principal components resulting

753

from a principal component analysis based on all SDCs24 could be used.

754

In spite of these shortcomings, given the simplicity of the SSR method especially regarding

755

online implementation, it can still be recommended. However, one important step before applying

756

this method, especially when considering the closest SDC for correction, is the signal quality
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757

check. If SDCs or regular channels of poor signal quality are not properly pruned before correction,

758

regular channels might either be corrupted, remain uncorrected or SA will get amplified.

759

4.3.4 General Linear Model with all SDC as Regressors (GLM ALL)

760

In the present study, of the selected SAC methods the GLM ALL method13, 17 was overall perform-

761

ing best. For this correction method all eight SDCs of both ∆[HbO] and ∆[HbR] were included as

762

regressors to the SAC GLM, because previous work provided evidence that the SA is not a homo-

763

geneous but rather a heterogeneous artifact13, 50 and therefore, a higher number of SDCs covering

764

a large portion of the head improves correction.17

765

That the GLM ALL method seems to be the most accurate method for SA correction is in line

766

with previous findings.13, 17 Although the AR-ILS34 GLM is generally computational more inten-

767

sive as compared to the ordinary least squares (OLS) GLM, its feasibility for online application

768

has been shown51 and it has been implemented in online preprocessing tools such as TurboSatori.52

769

Moreover, AR-ILS can handle the presence of motion artifacts very well.34 This is, however, not

770

the case for the other SA correction methods and hence, could have been a gain for the GLM-based

771

approaches. However, if motion artifacts were present in our data sets then usually at the begin-

772

ning/end of the recording or during the breaks and only in very rare cases during the task blocks.

773

Hence, even if some motion artifacts survived the TDDR correction, the advantage of the AR-ILS

774

GLM over the other correction methods should be low.

775

In spite of the good performance of GLM ALL it is likely that results can still be improved by

776

adding more information to the GLM. For instance, gains can be expected by adding additional

777

regressors based on auxiliary recorded physiological measures like blood pressure and oxygen

778

saturation,48 information extracted from the fNIRS measurement itself like Mayer waves13 or a
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779

global signal regressor generated from the SDCs.13 Another promising way would be to increase

780

the number of SDCs either by adding more and/or by covering blind spots by, for instance, adding

781

short separation sources to the detectors the same way as for the available hardware solutions short

782

separation detectors are added to the sources.13 Moreover, in the present study for method GLM

783

ALL but also for method GLM BH, two GLMs were applied consecutively. That is, first a GLM

784

was applied only for SA correction by including all SDCs as regressors. From this GLM, SAC

785

corrected data was extracted for further evaluation, among others based on a second GLM in which

786

task-induced activation was modelled. This two-step procedure was chosen because it provided the

787

SAC corrected data required as input for all quality measures. In principle, if only the task related

788

activation is of interest, it would also be possible to run a single GLM with both the SDC regressors

789

and the task-related regressors. Indeed, for BCI and neurofeedback online scenarios in which the

790

feedback is based on the GLM output this would seem like the natural choice. One major issue

791

with this one-step approach is, however, the risk of multicollinearity due to the strong task-evoked

792

activity in the SDCs, which can lead to unpredictable results.17 To prevent this problem a two-step

793

GLM approach as applied in the present study should be considered, even if the main focus of the

794

GLM analysis is the extraction of task related activation.

795

In sum, the GLM ALL method strongly increased both signal quality and spatial specificity in

796

the present data sets. Accordingly, of the evaluated methods, it is the best choice for SA correction

797

if SDCs are available. Within a real-time GLM calculation it can be easily applied for online SA

798

correction either by implementing it independently or by using available toolboxes.52
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799

4.3.5 General Linear Model with one SDC on Both Hemispheres as Regressors (GLM BH)

800

For the GLM BH method only two out of the eight available SDCs (SDC 4 and 7 of both ∆[HbO]

801

and ∆[HbR]) were included in the GLM for correction. The intention was to evaluate GLM cor-

802

rection performance for constellations in which only a small number of SDCs are available. GLM

803

BH produced overall satisfying results which were, however, inferior to the results from GLM

804

ALL. The finding of overall inferiority to a GLM relying on larger numbers of SDCs is in line

805

with previous findings.17 On closer inspection, results for GLM BH were comparable to those of

806

the SSR method. For spatial specificity however, GLM BH results were, descriptively, more com-

807

parable to GLM ALL. As a workaround for unavailable SDCs some researchers help themselves

808

by sacrificing one or two regular channels and placing the vacated sources and detectors as close

809

as possible to each other to create a self-made SDC.35, 36 This approach should be considered with

810

care because depending on the manufacturer the resulting distance between source and detector is

811

likely ≥ 10 mm. SDCs placed at distances ≥ 10 mm may capture different signals than SDCs

812

placed at the recommended 8 mm as used in the present study, because of NIR light penetrating to

813

cortical brain tissue.18 This will likely influence the recovery of the true brain signal and bears the

814

risk of overcorrection.18 This is, however, similarly true for all correction methods using SDCs,

815

regardless of of the number of SDCs used. Moreover, if not handled correctly, for instance, by

816

the recording software, self-made SDCs can possibly lead to a saturation of the self-made SDCs.

817

Nevertheless, if properly used self-made SDCs are should still be better than using no SDCs.

818

In sum, with a reduced set of 8 mm SDCs, GLM BH achieved satisfying results for GLM-based

819

correction, but results were somewhat inferior to GLM ALL. Similar to GLM-ALL this method

820

can easily be implemented online as part of a real-time GLM calculation.
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821

4.3.6 Limitations

822

The present study is subject to several limitations. First of all, although most of the quality mea-

823

sures investigated in the present study were calculated based on single trials in order to mimic

824

an online scenario, it is highly recommended to perform a validation additionally in an online sce-

825

nario53 in order to ensure comparable results when methods have to perform with (nearly) real-time

826

output.

827

In the present study only data of elderly individuals were analysed. There is evidence that

828

the hemodynamic response differs between age groups with respect to, for instance, shape7 and

829

strength.54 Therefore, the present findings might not generalize to younger individuals. However,

830

whether there are age-related differences regarding the SA remains to be shown.

831

One limitation regarding the SIM data is that it was based on a relatively short rest recording

832

lasting approximately 3 minutes, allowing the simulation of only five block-designed trials. For the

833

same purpose previous studies used for the same purpose longer periods of rest data ranging from 5

834

minutes17 to 15 minutes13 and could thus create a higher number of semi-simulated trials. A higher

835

number of trials usually increases the reliability of the signal of interest. However, given that the

836

SNR for semi-simulated data is generally somewhat higher as compared to real data, also a low

837

number of trials should be acceptable for the purpose of comparing the performance of correction

838

methods.

839

Moreover, and more importantly, no task-evoked activation was added to the SDCs for the SIM

840

data, though previous studies55, 56 implicate that the SA captured by the SDCs also contains a task-

841

evoked component. This was also evident in the present study as can be seen in all figures depicting

842

SDC and regular channel activation: In figures 6 A and 7 A, which show group level real data, task-
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843

related SA mimicking brain activation is evident in almost all SDCs. The task-related nature of

844

the SDC signal becomes particularly obvious when comparing SDCs of SIM data of figure 5 C to

845

figures 6 A and 7 A. Exemplary single trial data (cf. Figure 8 of the Appendix) demonstrate not

846

only that most SDCs are affected by task-evoked SA, but also that the artefact is quite diverse: SA

847

differs between SDCs (heterogeneity13 ) within the same trial, between subjects, between signal

848

types14 ∆[HbO] and ∆[HbR]) and between tasks.14 Moreover, it is not necessarily the closest

849

SDC that shows the highest similarity with the uncorrected data. Perhaps due to this diversity so far

850

there exist no recommendations on how to best semi-simulate task-evoked SA in SDCs, and hence,

851

studies on simulated data restrict simulated evoked activity to regular channels.13, 21 For making

852

results from SDC correction of semi-simulated data more realistic however, semi-simulating task-

853

evoked SA is a highly desirable next step. Important impulses for it could come from a systematic

854

collection of information on, e.g., the spatial distribution of task-evoked SA across the head, its

855

peak latency as compared to a regular channel, amplitude characteristics of task-evoked SA, or

856

differences between ∆[HbO] and ∆[HbR].

857

For the present study, the effect of correction method was evaluated for both ∆[HbO] and

858

∆[HbR] data, following the most recent recommendations in the field.49 Beyond that, it would also

859

be possible to evaluate performance for total hemoglobin concentration changes8 (i.e., ∆[HbT ] =

860

∆[HbO] + ∆[HbR]) and the difference between types of concentration changes57 (i.e., ∆[HbDif f ]

861

= ∆[HbO] - ∆[HbR]), both data types are however rarely reported in current publications.

862

One more specific limitation of the present study concerns the GCR method. More precisely,

863

for this correction method MNI coordinates are used for the smoothing process and therefore, it

864

would be recommended to use individual coordinates of the channels.23 However, since much of

865

the digitizer data of the SIM data set were corrupted we decided to use uniform optode locations
50
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866

estimated by means of the ICBM-152 head model (ICBM 152 Nonlinear atlases version 2009)

867

in the NIRSite toolbox (v2020.7; NIRx Medizintechnik GmbH, Berlin, Germany), positioned ac-

868

cording to the international 10-20 system. For reasons of unity, the same procedure was applied

869

for the real data. While individual optode positions might of course be more accurate, for the GCR

870

method the distances between channels are of importance. Very likely, the distances would be

871

similar to those of the common optode locations because all optodes were attached to a flexible

872

cap with slits generated according to the 10-20 system. Another issue with respect to the GCR

873

method concerns the optode coverage. Zhang and colleagues23 recommended to cover an area of

874

at least 9cm2 , otherwise the correction might result in artificial negative activity.23 Although we

875

cover more than 9cm2 with our optode layout we saw in our data a substantial amount of channels

876

resulting in reversed amplitudes.

877

4.4 Conclusions

878

This study aimed to evaluate SA correction methods with and without SDCs with regard to signal

879

improvement and spatial specificity on a single trial level. The single trial level was chosen to

880

simulate the application of the correction methods in a real-time online scenario, such as neuro-

881

feedback or BCIs. Although methods with SDCs did result in a more accurate SA correction for

882

both ∆[HbO] and ∆[HbR] as compared to methods without SDCs, our study confirms that without

883

SDCs some improvement can be achieved too. Therefore, SA correction should become the norm

884

for any preprocessing pipeline.12, 13
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885

5 Appendix

Fig 8 Illustration of single trial data of the selected channels and SDCs from two subjects of both ∆[HbO] and ∆[HbR]
of the (A) SIM data (s01), (B) MI data and ME LEFT as well as ME RIGHT data (all s02). Each row represents a
single trial of the selected channel, channel number is specified in the white circle. Below the white circle, on the left
side the single trials of methods without SDCs (NO SAC, CAR and GCR) and on the right of methods with SDCs
(SSR, GLM ALL and GLM BH) are visualized. The 2 × 4 grid contains the corresponding SDC data (grey) of the
same trial. For better comparability the grid also shows the corresponding uncorrected data (NO SAC; blue). SDC
are indicated by green and red circles, of which the red circles always highlight SDC closest to the selected channel
(white circle).
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Table 1 Results of the rmBANOVAs and corresponding post hoc tests with respect to the sRMSE analysis of SIM,
ME and MI data of both ∆[HbO] and ∆[HbR]. Values in brackets represent (mean ± SEM). For all post hoc tests,
the prior odds P (M ) were set to the default of 0.26, P (M |data) represents the posterior odds, BF10 the Bayes factor
and error the error of the given test. BF10 = 1 indicates no evidence for neither H0 nor H1 , BF10 < 1 indicates
evidence in favor of the H0 , that is, that there are no differences between two methods and BF10 > 1 indicates
evidence in favor of the H1 , that is, that there are differences between two methods. According to the guidelines
of Lee and Wagenmakers,46 Bayes factors BF10 can be categorized in the following way: BF10 < 1/100 extreme
evidence for H0 , 1/100 < BF10 < 1/30 very strong evidence for H0 , 1/30 < BF10 < 1/10 strong evidence for
H0 , 1/10 < BF10 < 1/3 moderate evidence for H0 , 1/3 < BF10 < 1 anecdotal evidence for H0 , 1 < BBF10 < 3
anecdotal evidence for H1 , 3 < BF10 < 10 moderate evidence for H1 , 10 < BF10 < 30 strong evidence for H1 ,
30 < BF10 < 100 very strong evidence for H1 , BF10 > 100 extreme evidence for H1 .
sRMSE

rmBANOVA

METHOD

SIM ∆[HbO]
P (M ) = 0.50, P (M |data) = 1.00, BF10 = 602.40 · 109 , error = 0.40%

METHOD

SIM ∆[HbR]
P (M ) = 0.50, P (M |data) = 0.47, BF10 = 0.90, error = 0.36%

post hoc paired Bayesian t-test
NO SAC
(0.196 ± 0.010)

CAR
(0.141 ± 0.009)

GCR
(0.152 ± 0.008)

SSR
(0.155 ± 0.010)

GLM ALL
(0.129 ± 0.008)

GLM BH
(0.156 ± 0.009)

CAR

P (M |data) = 423.23
BF10 = 1628.31
error < 0.01%

-

-

-

-

-

GCR

P (M |data) = 1413.43
BF10 = 5437.59
error < 0.01%

P (M |data) = 0.54
BF10 = 2.07
error < 0.01%

-

-

-

SSR

P (M |data) = 30.52
BF10 = 117.42
error < 0.01%

P (M |data) = 0.24
BF10 = 0.92
error = 0.01%

P (M |data) = 0.06
BF10 = 0.24
error = 0.03%

-

2

NO SAC
(0.169 ± 0.009)

CAR
(0.150 ± 0.009)

GCR
(0.159 ± 0.009)

SSR
(0.161 ± 0.009)

GLM ALL
(0.146 ± 0.006)

GLM BH
(0.155 ± 0.008)

CAR

-

-

-

-

-

-

-

GCR

-

-

-

-

-

-

-

-

SSR

-

-

-

-

-

-

GLM ALL

P (M |data) = 539.78 · 10
BF10 = 2076.08 · 102
error < 0.01%

P (M |data) = 0.26
BF10 = 1.00
error = 0.01%

P (M |data) = 20.62
BF10 = 79.26
error < 0.01%

P (M |data) = 37.31
BF10 = 143.53
error < 0.01%

-

-

GLM ALL

-

-

-

-

-

-

GLM BH

P (M |data) = 1686.92
BF10 = 6490.11
error < 0.01%

P (M |data) = 0.43
BF10 = 1.67
error < 0.01%

P (M |data) = 0.08
BF10 = 0.30
error = 0.04%

P (M |data) = 0.06
BF10 = 0.22
error = 0.03%

P (M |data) = 90.84
BF10 = 349.49
error < 0.01%

-

GLM BH

-

-

-

-

-

-

ME ∆[HbO]
rmBANOVA

METHOD

ME ∆[HbR]

P (M ) = 0.50, P (M |data) = 0.99, BF10 = 104.10, error = 0.38%

METHOD

P (M ) = 0.50, P (M |data) = 0.73, BF10 = 0.42, error = 0.31%

post hoc paired Bayesian t-test
NO SAC
(0.211 ± 0.006)

CAR
(0.226 ± 0.006)

GCR
(0.229 ± 0.005)

SSR
(0.215 ± 0.007)

GLM ALL
(0.210 ± 0.007)

GLM BH
(0.214 ± 0.007)

CAR

P (M |data) = 2.65
BF10 = 10.20
error < 0.01%

-

-

-

-

-

GCR

P (M |data) = 3.43
BF10 = 13.20
error < 0.01%

P (M |data) = 0.12
BF10 = 0.46
error < 0.01%

-

-

-

SSR

P (M |data) = 0.06
BF10 = 0.24
error = 0.03%

P (M |data) = 0.31
BF10 = 1.20
error < 0.01%

P (M |data) = 0.40
BF10 = 1.53
error < 0.01%

-

GLM ALL

P (M |data) = 0.06
BF10 = 0.22
error = 0.03%

P (M |data) = 7.08
BF10 = 27.25
error < 0.01%

P (M |data) = 5.97
BF10 = 22.95
error < 0.01%

P (M |data) = 0.08
BF10 = 0.32
error = 0.04%

GLM BH

P (M |data) = 0.06
BF10 = 0.23
error = 0.03%

P (M |data) = 2.71
BF10 = 10.42
error < 0.01%

P (M |data) = 4.77
BF10 = 18.37
error < 0.01%

P (M |data) = 0.06
BF10 = 0.22
error = 0.03%

NO SAC
(0.215 ± 0.009)

CAR
(0.226 ± 0.008)

GCR
(0.224 ± 0.008)

SSR
(0.219 ± 0.008)

GLM ALL
(0.226 ± 0.008)

GLM BH
(0.218 ± 0.008)

CAR

-

-

-

-

-

-

-

GCR

-

-

-

-

-

-

-

-

SSR

-

-

-

-

-

-

-

-

GLM ALL

-

-

-

-

-

-

P (M |data) = 0.09
BF10 = 0.34
error < 0.01%

-

GLM BH

-

-

-

-

-

-

MI ∆[HbR]

MI ∆[HbO]
rmBANOVA

METHOD

P (M ) = 0.50, P (M |data) = 0.80, BF10 = 3.89, error = 0.39%

METHOD

P (M ) = 0.50, P (M |data) = 0.04, BF10 = 0.04, error = 0.38%

post hoc paired Bayesian t-test
NO SAC
(0.238 ± 0.003)

CAR
(0.245 ± 0.003)

GCR
(0.246 ± 0.003)

SSR
(0.243 ± 0.002)

GLM ALL
(0.240 ± 0.003)

GLM BH
(0.242 ± 0.003)

CAR

P (M |data) = 1.26
BF10 = 4.86
error < 0.01%

-

-

-

-

-

GCR

P (M |data) = 0.41
BF10 = 1.59
error < 0.01%

P (M |data) = 0.06
BF10 = 0.22
error = 0.03%

-

SSR

P (M |data) = 1.41
BF10 = 5.41
error < 0.01%

P (M |data) = 0.08
BF10 = 0.31
error = 0.04%

P (M |data) = 0.08
BF10 = 0.30
error = 0.04%

-

-

GLM ALL

P (M |data) = 0.07
BF10 = 0.27
error = 0.04%

P (M |data) = 0.63
BF10 = 2.43
error < 0.01%

P (M |data) = 0.55
BF10 = 2.11
error < 0.01%

P (M |data) = 0.16
BF10 = 0.62
error < 0.01%

GLM BH

P (M |data) = 0.23
BF10 = 0.88
error < 0.01%

P (M |data) = 0.13
BF10 = 0.49
error < 0.01%

P (M |data) = 0.11
BF10 = 0.43
error < 0.01%

P (M |data) = 0.06
BF10 = 0.26
error = 0.04%

-

NO SAC
(0.245 ± 0.002)

CAR
(0.246 ± 0.002)

GCR
(0.248 ± 0.002)

SSR
(0.247 ± 0.002)

GLM ALL
(0.246 ± 0.002)

GLM BH
(0.246 ± 0.002)

CAR

P (M |data) = 0.06
BF10 = 0.22
error = 0.03%

-

-

-

-

-

GCR

P (M |data) = 0.10 P (M |data) = 0.10
BF10 = 0.37
BF10 = 0.40
error < 0.01%
error < 0.01%

-

-

-

-

-

SSR

P (M |data) = 0.19 P (M |data) = 0.07 P (M |data) = 0.06
BF10 = 0.73
BF10 = 0.26
BF10 = 0.22
error < 0.01%
error = 0.04%
error = 0.03%

-

-

-

-

-

GLM ALL

P (M |data) = 0.06 P (M |data) = 0.06 P (M |data) = 0.08 P (M |data) = 0.07
BF10 = 0.24
BF10 = 0.22
BF10 = 0.31
BF10 = 0.26
error = 0.04%
error = 0.03%
error = 0.04%
error = 0.04%

-

-

P (M |data) = 0.13
BF10 = 0.48
error < 0.01%

-

GLM BH

P (M |data) = 0.06 P (M |data) = 0.06 P (M |data) = 0.08 P (M |data) = 0.08 P (M |data) = 0.06
BF10 = 0.23
BF10 = 0.22
BF10 = 0.30
BF10 = 0.31
BF10 = 0.23
error = 0.03%
error = 0.03%
error = 0.04%
error = 0.04%
error = 0.03%

-

-
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Table 2 Results of the rmBANOVAs and corresponding post hoc tests with respect to the COR analysis of SIM, ME
and MI data of both ∆[HbO] and ∆[HbR]. Values in brackets represent (mean ± SEM). For all post hoc tests, the
prior odds P (M ) was set to the default of 0.26, P (M |data) represents the posterior odds, BF10 the Bayes factor
and error the error of the given test. BF10 = 1 indicates no evidence for neither H0 nor H1 , BF10 < 1 indicates
evidence in favor of the H0 , that is, that there are no differences between two methods and BF10 > 1 indicates
evidence in favor of the H1 , that is, that there are differences between two methods. According to the guidelines
of Lee and Wagenmakers,46 Bayes factors BF10 can be categorized in the following way: BF10 < 1/100 extreme
evidence for H0 , 1/100 < BF10 < 1/30 very strong evidence for H0 , 1/30 < BF10 < 1/10 strong evidence for
H0 , 1/10 < BF10 < 1/3 moderate evidence for H0 , 1/3 < BF10 < 1 anecdotal evidence for H0 , 1 < BBF10 < 3
anecdotal evidence for H1 , 3 < BF10 < 10 moderate evidence for H1 , 10 < BF10 < 30 strong evidence for H1 ,
30 < BF10 < 100 very strong evidence for H1 , BF10 > 100 extreme evidence for H1 .
COR

rmBANOVA

METHOD

SIM ∆[HbO]
P (M ) = 0.50, P (M |data) = 1.00, BF10 = 691.70 · 1013 , error = 0.40%

METHOD

SIM ∆[HbR]
P (M ) = 0.50, P (M |data) = 0.92, BF10 = 10.71, error = 0.35%

post hoc paired Bayesian t-test
NO SAC
(0.90 ± 0.10)

CAR
(1.40 ± 0.08)

GCR
(1.31 ± 0.08)

SSR
(1.29 ± 0.09)

GLM BH
(1.28 ± 0.09)

NO SAC
(1.25 ± 0.07)

CAR
(1.42 ± 0.07)

GCR
(1.34 ± 0.07)

SSR
(1.32 ± 0.08)

GLM ALL
(1.48 ± 0.07)

GLM BH
(1.38 ± 0.07)

-

-

CAR

P (M |data) = 0.71
BF10 = 2.72
error = 0.01%

-

-

-

-

-

-

-

-

GCR

P (M |data) = 0.11
BF10 = 0.43
error < 0.01%

P (M |data) = 0.54
BF10 = 2.06
error < 0.01%

-

-

-

-

-

-

-

SSR

P (M |data) = 0.20
BF10 = 0.78
error < 0.01%

P (M |data) = 0.15 P (M |data) = 0.06
BF10 = 0.57
BF10 = 0.23
error < 0.01%
error = 0.03%

-

-

-

-

-

P (M |data) = 0.82
BF10 = 3.16
error = 0.03%

-

CAR

P (M |data) = 531.06
BF10 = 2043.17
error < 0.01%

-

-

-

GCR

P (M |data) = 901.31
BF10 = 3467.62
error < 0.01%

P (M |data) = 0.45
BF10 = 1.75
error < 0.01%

-

SSR

P (M |data) = 78.84
BF10 = 303.31
error < 0.01%

P (M |data) = 0.19
BF10 = 0.72
error < 0.01%

P (M |data) = 0.06
BF10 = 0.23
error = 0.03%

GLM ALL

P (M |data) = 49.50 · 104
BF10 = 190.40 · 104
error < 0.01%

GLM BH

P (M |data) = 620.88
BF10 = 2388.73
error < 0.01%

P (M |data) = 22.20 P (M |data) = 490.53
BF10 = 85.40
BF10 = 1887.23
error < 0.01%
error < 0.01%
P (M |data) = 0.35
BF10 = 1.33
error < 0.01%

P (M |data) = 0.07
BF10 = 0.25
error = 0.04%

GLM ALL
(1.66 ± 0.08)

P (M |data) = 1.29104
BF10 = 4.98 · 104
error < 0.01%

-

-

P (M |data) = 73.54
BF10 = 282.95
GLM ALL
error < 0.01%

P (M |data) = 0.06
BF10 = 0.22
error = 0.03%

P (M |data) = 1.20 · 104
BF10 = 4.62 · 104
error < 0.01%

-

GLM BH

P (M |data) = 1.90
BF10 = 7.31
error < 0.01%

P (M |data) = 0.08 P (M |data) = 0.54 P (M |data) = 1.09
BF10 = 0.32
BF10 = 2.09
BF10 = 4.20
error = 0.04%
error < 0.01%
error < 0.01%
P (M |data) = 0.07 P (M |data) = 0.07
BF10 = 0.27
BF10 = 0.27
error = 0.04%
error = 0.04%

ME ∆[HbO]
rmBANOVA

METHOD

P (M |data) = 0.10
BF10 = 0.37
error < 0.01%

ME ∆[HbR]

P (M ) = 0.50, P (M |data) = 1.00, BF10 = 2962.57, error = 0.38%

METHOD

P (M ) = 0.50, P (M |data) = 0.95, BF10 = 20.62, error = 0.36%

post hoc paired Bayesian t-test
NO SAC
(0.69 ± 0.09)

CAR
(0.58 ± 0.08)

GCR
(0.51 ± 0.07)

SSR
(0.75 ± 0.08)

GLM BH
(0.71 ± 0.09)

NO SAC
(0.85 ± 0.08)

CAR
(0.68 ± 0.07)

GCR
(0.69 ± 0.07)

SSR
(0.80 ± 0.07)

GLM ALL
(0.80 ± 0.07)

GLM BH
(0.84 ± 0.08)

-

-

CAR

P (M |data) = 1.62
BF10 = 6.24
error < 0.01%

-

-

-

-

-

-

-

-

GCR

P (M |data) = 0.51
BF10 = 1.96
error < 0.01%

P (M |data) = 0.06
BF10 = 0.23
error = 0.03%

-

-

-

-

P (M |data) = 4.78
BF10 = 18.39
error < 0.01%

-

-

-

SSR

P (M |data) = 0.29
BF10 = 1.11
error < 0.01%

P (M |data) = 0.39 P (M |data) = 0.19
BF10 = 1.49
BF10 = 0.71
error < 0.01%
error < 0.01%

-

-

-

P (M |data) = 16.36
BF10 = 62.96
error < 0.01%

P (M |data) = 27.14
BF10 = 104.40
error < 0.01%

P (M |data) = 0.08
BF10 = 0.33
error = 0.04%

-

GLM ALL

P (M |data) = 0.10
BF10 = 0.38
error < 0.01%

P (M |data) = 0.46 P (M |data) = 0.18
BF10 = 1.78
BF10 = 0.70
error < 0.01%
error < 0.01%

P (M |data) = 0.06
BF10 = 0.22
error = 0.03%

-

-

P (M |data) = 0.70
BF10 = 2.67
error < 0.01%

P (M |data) = 2.68
BF10 = 10.32
error < 0.01%

P (M |data) = 0.07
BF10 = 0.25
error = 0.04%

P (M |data) = 0.41
BF10 = 1.58
error < 0.01%

GLM BH

P (M |data) = 0.06
BF10 = 0.22
error = 0.03%

P (M |data) = 0.88
BF10 = 3.37
error < 0.01%

CAR

P (M |data) = 0.58
BF10 = 2.22
error < 0.01%

-

-

-

GCR

P (M |data) = 1.32
BF10 = 5.08
error < 0.01%

P (M |data) = 0.38
BF10 = 1.45
error < 0.01%

-

SSR

P (M |data) = 0.07
BF10 = 0.27
error = 0.04%

P (M |data) = 1.51
BF10 = 5.82
error < 0.01%

GLM ALL

P (M |data) = 0.27
BF10 = 1.02
error < 0.01%

GLM BH

P (M |data) = 0.06
BF10 = 0.23
error = 0.03%

GLM ALL
(0.80 ± 0.08)

-

-

MI ∆[HbO]
rmBANOVA

METHOD

P (M |data) = 0.50 P (M |data) = 0.15 P (M |data) = 0.16
BF10 = 1.90
BF10 = 0.55
BF10 = 0.61
error < 0.01%
error < 0.01%
error < 0.01%

-

MI ∆[HbR]

P (M ) = 0.50, P (M |data) = 1.00, BF10 = 529.53, error = 0.34%

METHOD

P (M ) = 0.50, P (M |data) = 0.98, BF10 = 52.18, error = 0.29%

post hoc paired Bayesian t-test
NO SAC
(0.33 ± 0.05)

CAR
(0.17 ± 0.05)

GCR
(0.16 ± 0.05)

SSR
(0.25 ± 0.04)

GLM ALL
(0.29 ± 0.05)

GLM BH
(0.25 ± 0.05)

NO SAC
(0.22 ± 0.04)

CAR
(0.13 ± 0.05)

GCR
(0.07 ± 0.04)

SSR
(0.17 ± 0.04)

GLM ALL
(0.21 ± 0.05)

GLM BH
(0.22 ± 0.04)

-

CAR

P (M |data) = 0.50
BF10 = 1.94
error < 0.01%

-

-

-

-

-

-

GCR

P (M |data) = 3.26
BF10 = 12.54
error < 0.01%

P (M |data) = 0.17
BF10 = 0.65
error < 0.01%

-

-

-

-

-

-

SSR

P (M |data) = 0.55
BF10 = 2.13
error < 0.01%

P (M |data) = 0.09 P (M |data) = 0.31
BF10 = 0.33
BF10 = 1.20
error = 0.04%
error < 0.01%

-

-

-

P (M |data) = 0.11
BF10 = 0.42
error < 0.01%

-

-

GLM ALL

P (M |data) = 0.06
BF10 = 0.22
error = 0.03%

P (M |data) = 0.24
BF10 = 0.93
error < 0.01%

-

-

P (M |data) = 0.06
BF10 = 0.22
error = 0.03%

P (M |data) = 0.16
BF10 = 0.61
error < 0.01%

GLM BH

P (M |data) = 0.06
BF10 = 0.22
error = 0.03%

P (M |data) = 0.24 P (M |data) = 1.68 P (M |data) = 0.28 P (M |data) = 0.06
BF10 = 0.92
BF10 = 6.44
BF10 = 1.07
BF10 = 0.24
error < 0.01%
error < 0.01%
error < 0.01%
error = 0.04%

CAR

P (M |data) = 2.43
BF10 = 9.35
error < 0.01%

-

GCR

P (M |data) = 3.71
BF10 = 14.27
error < 0.01%

P (M |data) = 0.06
BF10 = 0.22
error = 0.03%

-

-

-

SSR

P (M |data) = 0.37
BF10 = 1.41
error < 0.01%

P (M |data) = 0.33
BF10 = 1.29
error < 0.01%

P (M |data) = 0.73
BF10 = 2.79
error < 0.01%

-

GLM ALL

P (M |data) = 0.08
BF10 = 0.31
error < 0.01%

P (M |data) = 1.61
BF10 = 6.21
error < 0.01%

P (M |data) = 8.88
BF10 = 34.17
error < 0.01%

GLM BH

P (M |data) = 0.28
BF10 = 1.06
error < 0.01%

P (M |data) = 0.51
BF10 = 1.97
error < 0.01%

P (M |data) = 0.77
BF10 = 2.94
error < 0.01%

-

-

-

-
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Table 3 Results of the rmBANOVAs and corresponding post hoc tests with respect to the CNR analysis of SIM, ME
and MI data of both ∆[HbO] and ∆[HbR]. Values in brackets represent (mean ± SEM). For all post hoc tests, the
prior odds P (M ) was set to the default of 0.26, P (M |data) represents the posterior odds, BF10 the Bayes factor
and error the error of thae given test. BF10 = 1 indicates no evidence for neither H0 nor H1 , BF10 < 1 indicates
evidence in favor of the H0 , that is, that there are no differences between two methods and BF10 > 1 indicates
evidence in favor of the H1 , that is, that there are differences between two methods. According to the guidelines
of Lee and Wagenmakers,46 Bayes factors BF10 can be categorized in the following way: BF10 < 1/100 extreme
evidence for H0 , 1/100 < BF10 < 1/30 very strong evidence for H0 , 1/30 < BF10 < 1/10 strong evidence for
H0 , 1/10 < BF10 < 1/3 moderate evidence for H0 , 1/3 < BF10 < 1 anecdotal evidence for H0 , 1 < BBF10 < 3
anecdotal evidence for H1 , 3 < BF10 < 10 moderate evidence for H1 , 10 < BF10 < 30 strong evidence for H1 ,
30 < BF10 < 100 very strong evidence for H1 , BF10 > 100 extreme evidence for H1 .
CNR

rmBANOVA

METHOD

SIM ∆[HbO]
P (M ) = 0.50, P (M |data) = 1.00, BF10 = 280.00 · 106 , error = 0.36%

METHOD

SIM ∆[HbR]
P (M ) = 0.50, P (M |data) = 0.58, BF10 = 1.39, error = 0.29%

post hoc paired Bayesian t-test
NO SAC
(9.85 ± 1.21)

CAR
(17.04 ± 1.67)

GCR
(13.82 ± 1.58)

SSR
(16.61 ± 1.71)

GLM ALL
(22.14 ± 1.50)

GLM BH
(16.63 ± 1.68)

CAR

P (M |data) = 157.98
BF10 = 677.04
error < 0.01%

-

-

-

-

-

GCR

P (M |data) = 1.87
BF10 = 7.19
error < 0.01%

P (M |data) = 2.70
BF10 = 10.39
error < 0.01%

-

-

-

SSR

P (M |data) = 20.71
BF10 = 79.68
error < 0.01%

P (M |data) = 0.06
BF10 = 0.22
error = 0.03%

P (M |data) = 0.30
BF10 = 1.16
error < 0.01%

-

3

NO SAC
(15.43 ± 1.27)

CAR
(19.99 ± 1.98)

GCR
(18.13 ± 1.67)

SSR
(16.22 ± 1.24)

GLM ALL
(19.29 ± 1.61)

GLM BH
(18.08 ± 1.58)

CAR

-

-

-

-

-

-

-

GCR

-

-

-

-

-

-

-

-

SSR

-

-

-

-

-

-

-

-

GLM ALL

-

-

-

-

-

-

-

GLM BH

-

-

-

-

-

-

GLM ALL

P (M |data) = 22.56 · 10
BF10 = 86.80 · 103
error < 0.01%

P (M |data) = 1.47
BF10 = 5.66
error < 0.01%

P (M |data) = 32.07
BF10 = 123.39
error < 0.01%

P (M |data) = 4.75
BF10 = 18.26
error < 0.01%

GLM BH

P (M |data) = 421.74
BF10 = 1622.47
error < 0.01%

P (M |data) = 0.06
BF10 = 0.23
error = 0.03%

P (M |data) = 0.27
BF10 = 1.02
error = 0.01%

P (M |data) = 0.06 P (M |data) = 3.03
BF10 = 0.22
BF10 = 11.65
error = 0.03%
error < 0.01%

ME ∆[HbO]
rmBANOVA

METHOD

ME ∆[HbR]

P (M ) = 0.50, P (M |data) = 1.00, BF10 = 115.60 · 104 , error = 0.35%

METHOD

P (M ) = 0.50, P (M |data) = 1.00, BF10 = 1733.65, error = 0.49%

post hoc paired Bayesian t-test
NO SAC
(9.03 ± 1.10)

CAR
(8.63 ± 0.80)

GCR
(7.91 ± 0.75)

SSR
(10.84 ± 1.16)

GLM ALL
(12.22 ± 1.26)

GLM BH
(10.89 ± 1.20)

NO SAC
(13.22 ± 1.14)

CAR
(11.07 ± 0.77)

GCR
(10.77 ± 0.72)

SSR
(12.84 ± 1.02)

GLM ALL
(14.17 ± 0.94)

GLM BH
(13.92 ± 1.17)

-

CAR

P (M |data) = 0.54
BF10 = 2.09
error < 0.01%

-

-

-

-

-

-

GCR

P (M |data) = 0.63
BF10 = 2.44
error < 0.01%

P (M |data) = 0.07
BF10 = 0.26
error = 0.04%

-

-

-

-

-

-

SSR

P (M |data) = 0.07
BF10 = 0.28
error = 0.04%

P (M |data) = 0.33
BF10 = 1.28
error < 0.01%

P (M |data) = 0.47
BF10 = 1.79
error < 0.01%

-

-

-

-

-

GLM ALL

P (M |data) = 0.20
BF10 = 0.77
error < 0.01%

P (M |data) = 11.04 P (M |data) = 5.89 P (M |data) = 0.51
BF10 = 42.46
BF10 = 22.67
BF10 = 1.97
error < 0.01%
error < 0.01%
error < 0.01%

-

-

-

GLM BH

P (M |data) = 0.13
BF10 = 0.51
error < 0.01%

P (M |data) = 1.95
BF10 = 7.50
error < 0.01%

CAR

P (M |data) = 0.06
BF10 = 0.24
error = 0.04%

-

GCR

P (M |data) = 0.11
BF10 = 0.43
error < 0.01%

P (M |data) = 0.27
BF10 = 1.02
error < 0.01%

-

-

-

SSR

P (M |data) = 0.64
BF10 = 2.47
error < 0.01%

P (M |data) = 2.42
BF10 = 9.29
error < 0.01%

P (M |data) = 8.91
BF10 = 34.29
error < 0.01%

-

GLM ALL

P (M |data) = 80.62
BF10 = 310.16
error < 0.01%

P (M |data) = 42.38 P (M |data) = 167.94
BF10 = 163.04
BF10 = 646.12
error < 0.01%
error < 0.01%

P (M |data) = 0.60
BF10 = 2.32
error < 0.01%

GLM BH

P (M |data) = 2.41
BF10 = 9.28
error < 0.01%

P (M |data) = 2.76
BF10 = 10.60
error < 0.01%

P (M |data) = 0.06 P (M |data) = 1.78
BF10 = 0.22
BF10 = 6.84
error = 0.03%
error < 0.01%

-

P (M |data) = 12.11
BF10 = 46.61
error < 0.01%

-

-

MI ∆[HbO]
rmBANOVA

METHOD

P (M |data) = 3.49 P (M |data) = 0.21 P (M |data) = 0.06
BF10 = 13.41
BF10 = 0.81
BF10 = 0.23
error < 0.01%
error < 0.01%
error = 0.03%

-

MI ∆[HbR]

P (M ) = 0.50, P (M |data) = 0.98, BF10 = 56.89, error = 0.32%

METHOD

P (M ) = 0.50, P (M |data) = 0.98, BF10 = 38.62, error = 0.26%

post hoc paired Bayesian t-test
NO SAC
(6.00 ± 0.53)

CAR
(5.03 ± 0.54)

GCR
(5.23 ± 0.56)

SSR
(5.96 ± 0.38)

GLM ALL
(6.69 ± 0.57)

GLM BH
(6.28 ± 0.59)

NO SAC
(6.18 ± 0.49)

CAR
(5.58 ± 0.47)

GCR
(5.27 ± 0.37)

SSR
(5.98 ± 0.50)

GLM ALL
(6.73 ± 0.49)

GLM BH
(6.40 ± 0.40)

-

CAR

P (M |data) = 0.25
BF10 = 0.96
error < 0.01%

-

-

-

-

-

-

GCR

P (M |data) = 0.72
BF10 = 2.77
error < 0.01%

P (M |data) = 0.15
BF10 = 0.56
error < 0.01%

-

-

-

-

-

-

SSR

P (M |data) = 0.09
BF10 = 0.33
error = 0.04%

P (M |data) = 0.09
BF10 = 0.34
error < 0.01%

P (M |data) = 0.22
BF10 = 0.83
error < 0.01%

-

-

-

-

-

GLM ALL

P (M |data) = 0.15
BF10 = 0.59
error < 0.01%

P (M |data) = 0.94
BF10 = 3.63
error < 0.01%

P (M |data) = 2.13 P (M |data) = 0.33
BF10 = 8.21
BF10 = 1.26
error < 0.01%
error < 0.01%

-

-

-

GLM BH

P (M |data) = 0.07
BF10 = 0.28
error = 0.04%

P (M |data) = 0.30
BF10 = 1.17
error < 0.01%

P (M |data) = 1.15 P (M |data) = 0.18 P (M |data) = 0.12
BF10 = 4.43
BF10 = 0.69
BF10 = 0.46
error < 0.01%
error < 0.01%
error < 0.01%

CAR

P (M |data) = 1.00
BF10 = 3.84
error < 0.01%

-

GCR

P (M |data) = 0.30
BF10 = 1.17
error < 0.01%

P (M |data) = 0.08
BF10 = 0.32
error = 0.04%

-

-

-

SSR

P (M |data) = 0.06
BF10 = 0.22
error = 0.03%

P (M |data) = 0.30
BF10 = 1.16
error < 0.01%

P (M |data) = 0.18
BF10 = 0.68
error < 0.01%

-

GLM ALL

P (M |data) = 0.24
BF10 = 0.92
error < 0.01%

P (M |data) = 5.52
BF10 = 21.23
error < 0.01%

P (M |data) = 2.39
BF10 = 9.18
error < 0.01%

P (M |data) = 0.22
BF10 = 0.84
error < 0.01%

GLM BH

P (M |data) = 0.07
BF10 = 0.27
error = 0.04%

P (M |data) = 1.07
BF10 = 4.13
error < 0.01%

P (M |data) = 0.46
BF10 = 1.77
error < 0.01%

P (M |data) = 0.08 P (M |data) = 0.09
BF10 = 0.32
BF10 = 0.36
error = 0.04%
error < 0.01%

-

-

-
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Table 4 Results of the Bayesian t-tests of the SDC CORMAT analysis of SIM, ME LEFT, ME RIGHT and MI data.
BF10 represent Bayes factors ± an error term in %. Bayesian
t-tests were performed with the BayesFactor package45
√
2
in R42 for which the default prior odds is set at P (M ) = 2 . Corresponding SDC CORMATs are visualized in Figures
5 B, 6 B as well as 7 B.
SIM
∆[HbR

∆[HbO]
NO
SAC
NO
SAC
CAR
GCR
SSR
GLM
ALL
GLM
BH

CAR

-

GCR

-

GLM
ALL

SSR

-

-

BF10 = 7.12 · 10117 ± 0%
BF10 = 6.22 · 10113 ± 0%
BF10 = 5.46 · 10116 ± 0%

BF10 = 0.16 ± 0.02%
BF10 = 4.47 · 1063 ± 0% BF10 = 4.01 · 1054 ± 0%

BF10 = 2.69 · 10115 ± 0%

BF10 = 5.14 · 1042 ± 0% BF10 = 3.70 · 1031 ± 0% BF10 = 1.34 · 1025 ± 0%

BF10 = 1.40 · 10111 ± 0% BF10 = 5.06 · 1078 ± 0% BF10 = 1.58 · 1059 ± 0%

-

BF10 = 50513.39 ± 0%

BF10

NO
SAC
CAR
GCR
SSR
GLM
ALL
GLM
= 2.53 · 1059 ± 0%
BH

NO
SAC

CAR

GCR

SSR

-

-

-

-

-

-

-

BF10 = 2.56 · 1092 ± 0%
BF10 = 3.21 · 1080 ± 0%
BF10 = 0.98 ± 0%
BF10 = 5.13 · 1075 ± 0% BF10 = 2.03 · 1057 ± 0% BF10 = 1.94 · 1050 ± 0%

GLM
ALL

BF10 = 1.12 · 1085 ± 0% BF10 = 5.11 · 1036 ± 0% BF10 = 5.49 · 1029 ± 0% BF10 = 3.02 · 1031 ± 0%

-

BF10 = 2.10 · 1054 ± 0% BF10 = 1.14 · 1020 ± 0% BF10 = 9.26 · 1017 ± 0% BF10 = 3.02 · 1013 ± 0%

BF10 = 0.10 ± 0.04%

ME LEFT
∆[HbO]
NO
SAC
NO
SAC
CAR
GCR
SSR
GLM
ALL
GLM
BH

CAR

GCR

SSR

-

-

-

-

BF10 = 3.28 · 10116 ± 0%
BF10 = 1.96 · 10112 ± 0%
BF10 = 5.70 · 10114 ± 0%

BF10 = 0.18 ± 0.02%
BF10 = 2.36 · 1065 ± 0%

BF10 = 1.52 · 10120 ± 0% BF10 = 2.89 · 1053 ± 0%
115

BF10 = 8.98 · 10

BF10

= 5.03 · 1060 ± 0%

BF10 = 4.25 · 1044 ± 0%

75

± 0% BF10 = 9.10 · 10 ± 0% BF10 = 1.41 · 1063 ± 0%

GLM
ALL
NO
SAC
CAR BF10
GCR BF10
SSR BF10
GLM
BF10
ALL
GLM
38
= 2.71 · 10 ± 0%
BF10
BH
-

-

-

BF10 = 4.69 · 1024 ± 0%
BF10 = 0.41 ± 0.01%

BF10

∆[HbR
GLM
ALL

NO
SAC

CAR

GCR

SSR

-

-

-

-

-

-

-

= 1.41 · 1067 ± 0%
= 4.29 · 1064 ± 0%
BF10 = 0.16 ± 0.02%
= 2.77 · 1024 ± 0% BF10 = 3.15 · 1051 ± 0% BF10 = 5.81 · 1043 ± 0%
= 9.94 · 1036 ± 0% BF10 = 9.19 · 1042 ± 0%

BF10 = 3.62 · 1035 ± 0% BF10 = 4.70 · 1022 ± 0%

= 5.11 · 1015 ± 0% BF10 = 4.21 · 1059 ± 0% BF10 = 2.74 · 1050 ± 0%

-

BF10 = 5.09 · 108 ± 0%

BF10 = 2.21 · 1063 ± 0%

GLM
ALL

ME RIGHT
∆[HbO]

NO
SAC
CAR
GCR
SSR
GLM
ALL
GLM
BH

NO
SAC

CAR

GCR

SSR

-

-

-

-

BF10 = 1.05 · 10116 ± 0%
BF10 = 7.64 · 10112 ± 0%
BF10 = 2.33 · 10114 ± 0%

BF10 = 0.61 ± 0.01%
BF10 = 6.55 · 1059 ± 0% BF10 = 1.36 · 1059 ± 0%

BF10 = 1.00 · 10121 ± 0%

BF10 = 8.27 · 1045 ± 0%

BF10 = 1.85 · 10114 ± 0% BF10 = 8.23 · 1071 ± 0%

GLM
ALL

-

BF10 = 1.02 · 1041 ± 0% BF10 = 2.15 · 1032 ± 0%
BF10 = 2.21 · 1062 ± 0%

NO
SAC
CAR BF10
GCR BF10
SSR BF10
GLM
BF10
ALL
GLM
= 3.45 · 1054 ± 0%
BF10
BH
-

BF10 = 42.26 ± 0%

BF10

NO
SAC

CAR

GCR

SSR

-

-

-

-

-

-

-

= 3.95 · 1089 ± 0%
= 1.75 · 1079 ± 0%
BF10 = 1.53 ± 0%
= 2.64 · 1074 ± 0% BF10 = 2.67 · 1059 ± 0% BF10 = 1.06 · 1053 ± 0%
= 4.36 · 1092 ± 0%

BF10 = 3.94 · 1045 ± 0% BF10 = 3.42 · 1039 ± 0% BF10 = 1.44 · 1043 ± 0%

= 9.67 · 1075 ± 0%

BF10 = 4.57 · 1063 ± 0% BF10 = 4.61 · 1055 ± 0%

-

BF10 = 0.39 ± 0.01%

BF10 = 1.02 · 1070 ± 0%

GLM
ALL

MI
∆[HbO]

NO
SAC
CAR
GCR
SSR
GLM
ALL
GLM
BH

NO
SAC

CAR

GCR

SSR

-

-

-

-

BF10 = 4.55 · 10116 ± 0%
BF10 = 9.77 · 10114 ± 0%
BF10 = 8.52 · 10118 ± 0%

BF10 = 0.10 ± 0.04%
BF10 = 4.36 · 1065 ± 0%

BF10 = 1.62 · 10123 ± 0% BF10 = 8.75 · 1054 ± 0%

BF10

= 3.60 · 1061 ± 0%

GLM
ALL
NO
SAC
CAR BF10
GCR BF10
SSR BF10
GLM
BF10
ALL
GLM
= 1.18 · 1064 ± 0%
BF10
BH
-

-

BF10 = 2.22 · 1045 ± 0%

BF10 = 1.70 · 1034 ± 0%

BF10 = 8.77 · 10115 ± 0% BF10 = 3.28 · 1077 ± 0% BF10 = 2.60 · 1067 ± 0%

BF10 = 5.78 · 105 ± 0%

BF10

NO
SAC

CAR

GCR

SSR

-

-

-

-

-

-

-

= 9.81 · 1080 ± 0%
= 2.44 · 1069 ± 0%
BF10 = 0.27 ± 0.01%
= 4.34 · 1091 ± 0% BF10 = 1.67 · 1045 ± 0% BF10 = 8.69 · 1038 ± 0%
= 4.36 · 1092 ± 0% BF10 = 1.60 · 1036 ± 0%

BF10 = 2.21 · 1030 ± 0% BF10 = 1.39 · 1033 ± 0%

= 9.59 · 1074 ± 0% BF10 = 1.71 · 1056 ± 0% BF10 = 1.03 · 1047 ± 0%

BF10 = 2.85 · 105 ± 0%

BF10 = 1.56 · 1071 ± 0%

Table 5 Results of the Bayesian t-tests of the BETA MAPS analysis of the SIM data. Mean ± SEM represent mean
beta values of the respective channel and its standard error of the mean, BF10 represent Bayes factors. Bayesian
√
t-tests were performed with the BayesFactor package45 in R42 for which the default prior odds is set at P (M ) = 22 .
Corresponding BETA MAPS are visualized in Figure 5 C.
SIM
NO SAC
Channel
(Channel Frequency
after Pruning)
1 (20)
2 (19)
4 (19)
6 (23)
7 (18)
8 (23)
10 (13)
11 (20)
12 (18)
13 (17)
15 (23)
17 (17)
18 (22)
19 (20)
21 (23)
22 (21)

CAR

GCR

SSR

GLM ALL

GLM BH

∆[HbO]

∆[HbR]

∆[HbO]

∆[HbR]

∆[HbO]

∆[HbR]

∆[HbO]

∆[HbR]

∆[HbO]

∆[HbR]

∆[HbO]

∆[HbR]

β = 0.47 ± 0.69
BF10 = 0.29
β = −0.15 ± 0.69
BF10 = 0.24
β = −0.44 ± 0.66
BF10 = 0.29
β = 8.26 ± 0.77
BF10 = 0.33 · 108
β = −0.06 ± 0.69
BF10 = 0.24
β = 4.22 ± 0.77
BF10 = 1442.48
β = −0.51 ± 0.94
BF10 = 0.32
β = 0.09 ± 0.59
BF10 = 0.23
β = 0.35 ± 0.82
BF10 = 0.26
β = −0.32 ± 0.68
BF10 = 0.28
β = 1.20 ± 0.80
BF10 = 0.58
β = 0.18 ± 0.83
BF10 = 0.25
β = −1.25 ± 0.0.80
BF10 = .63
β = −0.96 ± 0.0.83
BF10 = 0.41
β = 0.72 ± 0.85
BF10 = 0.30
β = −0.34 ± 0.77
BF10 = 0.25

β = 0.07 ± 0.09
BF10 = 0.32
β = −0.23 ± 0.29
BF10 = 0.32
β = 0.14 ± 0.09
BF10 = 0.70
β = −2.39 ± 0.16
BF10 = 199.54 · 108
β = 0.16 ± 0.22
BF10 = 0.30
β = −1.28 ± 0.11
BF10 = 2.28 · 108
β = 0.12 ± 0.14
BF10 = 0.37
β = 0.22 ± 0.16
BF10 = 0.53
β = −0.17 ± 0.15
BF10 = 0.43
β = 0.17 ± 0.11
BF10 = 0.61
β = 0.13 ± 0.12
BF10 = 0.38
β = 0.05 ± 0.15
BF10 = 0.26
β = −0.08 ± 0.12
BF10 = 0.28
β = 0.27 ± 0.14
BF10 = 1.00
β = −0.01 ± 0.13
BF10 = 0.22
β = 0.04 ± 0.15
BF10 = 0.23

β = −0.47 ± 0.28
BF10 = 0.81
β = −0.95 ± 0.34
BF10 = 4.46
β = −1.30 ± 0.35
BF10 = 25.34
β = 7.77 ± 0.38
BF10 = 47551.94 · 108
β = −0.69 ± 0.33
BF10 = 1.50
β = 3.37 ± 0.47
BF10 = 49895.27
β = −1.13 ± 0.53
BF10 = 1.51
β = −0.77 ± 0.22
BF10 = 18.94
β = −0.37 ± 0.23
BF10 = 0.76
β = −0.40 ± 0.48
BF10 = 0.34
β = 0.16 ± 0.24
BF10 = 0.27
β = −0.64 ± 0.42
BF10 = 0.66
β = −1.65 ± 0.28
BF10 = 3410.59
β = −1.59 ± 0.53
BF10 = 6.56
β = 0.00 ± 0.29
BF10 = 0.22
β = −1.13 ± 0.28
BF10 = 54.34

β = 0.18 ± 0.08
BF10 = 1.67
β = 0.01 ± 0.30
BF10 = 0.24
β = 0.32 ± 0.09
BF10 = 19.76
β = −2.31 ± 0.13
BF10 = 5943.92 · 108
β = 0.30 ± 0.15
BF10 = 1.19
β = −1.06 ± 0.13
BF10 = 458084.00
β = 0.31 ± 0.15
BF10 = 1.32
β = 0.43 ± 0.09
BF10 = 287.90
β = 0.03 ± 0.08
BF10 = 0.26
β = 0.29 ± 0.09
BF10 = 10.13
β = 0.26 ± 0.08
BF10 = 9.31
β = 0.15 ± 0.11
BF10 = 0.52
β = 0.18 ± 0.10
BF10 = 0.82
β = 0.47 ± 0.13
BF10 = 22.73
β = 0.18 ± 0.09
BF10 = 1.22
β = 0.18 ± 0.09
BF10 = 1.18

β = −0.09 ± 0.20
BF10 = 0.25
β = −1.16 ± 0.26
BF10 = 104.83
β = −0.99 ± 0.23
BF10 = 80.75
β = 6.02 ± 0.31
BF10 = 25170.49 · 108
β = −1.94 ± 0.25
BF10 = 29662.68
β = 1.69 ± 0.28
BF10 = 4674.67
β = −0.40 ± 0.44
BF10 = 0.40
β = −0.46 ± 0.20
BF10 = 2.13
β = 0.05 ± 0.13
BF10 = 0.26
β = −0.08 ± 0.30
BF10 = 0.26
β = 0.52 ± 0.17
BF10 = 6.75
β = −1.91 ± 0.45
BF10 = 6.23
β = −2.55 ± 0.24
BF10 = 0.20 · 108
β = −1.13 ± 0.31
BF10 = 21.52
β = 0.49 ± 0.26
BF10 = 0.95
β = −0.41 ± 0.22
BF10 = 0.93

β = 0.07 ± 0.05
BF10 = 0.48
β = 0.18 ± 0.19
BF10 = 0.37
β = 0.15 ± 0.06
BF10 = 2.24
β = −1.69 ± 0.14
BF10 = 4.68 · 108
β = 0.74 ± 0.13
BF10 = 821.76
β = −0.57 ± 0.09
BF10 = 5967.46
β = 0.09 ± 0.11
BF10 = 0.37
β = 0.26 ± 0.08
BF10 = 8.42
β = −0.16 ± 0.06
BF10 = 4.65
β = 0.22 ± 0.11
BF10 = 1.24
β = 0.05 ± 0.07
BF10 = 0.28
β = 0.53 ± 0.10
BF10 = 390.97
β = 0.59 ± 0.06
BF10 = 1278322.00
β = 0.33 ± 0.08
BF10 = 40.71
β = −0.09 ± 0.07
BF10 = 0.44
β = −0.03 ± 0.06
BF10 = 0.26

β = 0.18 ± 0.28
BF10 = 0.28
β = −0.42 ± 0.36
BF10 = 0.42
β = 0.15 ± 0.38
BF10 = 0.25
β = 8.16 ± 0.41
BF10 = 28598.51 · 108
β = 0.25 ± 0.36
BF10 = 0.30
β = 3.55 ± 0.41
BF10 = 872864.70
β = 0.41 ± 0.59
BF10 = 0.34
β = 0.61 ± 0.33
BF10 = 1.00
β = 0.80 ± 0.53
BF10 = 0.64
β = 0.14 ± 0.39
BF10 = 0.26
β = 0.69 ± 0.36
BF10 = 0.98
β = 0.53 ± 0.30
BF10 = 0.92
β = 0.16 ± 0.36
BF10 = 0.24
β = 0.18 ± 0.25
BF10 = 0.29
β = 0.75 ± 0.33
BF10 = 1.72
β = 0.18 ± 0.44
BF10 = 0.24

β = 0.03 ± 0.06
BF10 = 0.26
β = −0.29 ± 0.30
BF10 = 0.36
β = 0.09 ± 0.08
BF10 = 0.40
β = −2.51 ± 0.14
BF10 = 2692.95 · 108
β = 0.13 ± 0.22
BF10 = 0.28
β = −1.46 ± 0.11
BF10 = 16.59 · 108
β = 0.22 ± 0.16
BF10 = 0.62
β = 0.25 ± 0.13
BF10 = 1.01
β = −0.28 ± 0.12
BF10 = 2.05
β = 0.27 ± 0.20
BF10 = 0.53
β = 0.11 ± 0.10
BF10 = 0.36
β = 0.04 ± 0.14
BF10 = 0.26
β = −0.06 ± 0.13
BF10 = 0.25
β = 0.15 ± 0.15
BF10 = 0.37
β = −0.03 ± 0.12
BF10 = 0.23
β = 0.05 ± 0.13
BF10 = 0.24

β = −0.04 ± 0.18
BF10 = 0.24
β = 0.04 ± 0.19
BF10 = 0.24
β = −0.13 ± 0.13
BF10 = 0.35
β = 7.29 ± 0.43
BF10 = 1337.04 · 108
β = 0.15 ± 0.13
BF10 = 0.42
β = 2.84 ± 0.30
BF10 = 4095819.00
β = 0.13 ± 0.23
BF10 = 0.32
β = 0.02 ± 0.12
BF10 = 0.23
β = 0.41 ± 0.22
BF10 = 1.02
β = 0.16 ± 0.20
BF10 = 0.33
β = 0.60 ± 0.19
BF10 = 8.01
β = 0.11 ± 0.19
BF10 = 0.29
β = −0.12 ± 0.21
BF10 = 0.26
β = 0.26 ± 0.13
BF10 = 1.35
β = 0.26 ± 0.20
BF10 = 0.46
β = 0.13 ± 0.18
BF10 = 0.28

β = −0.04 ± 0.04
BF10 = 0.36
β = −0.17 ± 0.12
BF10 = 0.58
β = −0.01 ± 0.06
BF10 = 0.24
β = −2.14 ± 0.14
BF10 = 140.62 · 108
β = −0.02 ± 0.11
BF10 = 0.25
β = −1.05 ± 0.09
BF10 = 0.55 · 108
β = 0.09 ± 0.09
BF10 = 0.46
β = −0.03 ± 0.04
BF10 = 0.32
β = −0.15 ± 0.07
BF10 = 1.54
β = 0.05 ± 0.08
BF10 = 0.30
β = −0.01 ± 0.07
BF10 = 0.22
β = −0.01 ± 0.06
BF10 = 0.25
β = −0.03 ± 0.07
BF10 = 0.25
β = 0.00 ± 0.07
BF10 = 0.23
β = −0.05 ± 0.07
BF10 = 0.28
β = 0.06 ± 0.06
BF10 = 0.33

β = 0.11 ± 0.30
BF10 = 0.25
β = −0.07 ± 0.40
BF10 = 0.24
β = −0.31 ± 0.25
BF10 = 0.47
β = 8.99 ± 0.45
BF10 = 36971.50 · 108
β = 0.28 ± 0.37
BF10 = 0.31
β = 4.01 ± 0.40
BF10 = 0.12 · 108
β = −0.47 ± 0.61
BF10 = 0.36
β = 0.30 ± 0.23
BF10 = 0.50
β = 0.43 ± 0.35
BF10 = 0.45
β = 0.29 ± 0.43
BF10 = 0.30
β = 1.20 ± 0.44
BF10 = 4.03
β = 0.60 ± 0.33
BF10 = 0.96
β = −0.45 ± 0.38
BF10 = 0.42
β = −0.19 ± 0.26
BF10 = 0.30
β = 0.66 ± 0.30
BF10 = 1.67
β = 0.21 ± 0.26
BF10 = 0.30

β = 0.03 ± 0.06
BF10 = 0.27
β = −0.28 ± 0.29
BF10 = 0.36
β = 0.10 ± 0.07
BF10 = 0.52
β = −2.51 ± 0.16
BF10 = 633.90 · 108
β = 0.13 ± 0.19
BF10 = 0.30
β = −1.36 ± 0.10
BF10 = 13.14 · 108
β = 0.18 ± 0.13
BF10 = 0.61
β = 0.09 ± 0.08
BF10 = 0.37
β = −0.15 ± 0.09
BF10 = 0.68
β = 0.32 ± 0.17
BF10 = 1.01
β = −0.05 ± 0.09
BF10 = 0.25
β = 0.05 ± 0.09
BF10 = 0.28
β = 0.00 ± 0.09
BF10 = 0.22
β = 0.10 ± 0.11
BF10 = 0.32
β = −0.12 ± 0.11
BF10 = 0.40
β = 0.09 ± 0.11
BF10 = 0.31
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Table 6 Results of the Bayesian t-tests of the BETA MAPS analysis of ME LEFT and ME RIGHT data. Mean ±
SEM represent mean beta values of the respective channel and its standard error of the mean, BF10 represent Bayes
factors. Bayesian
t-tests were performed with the BayesFactor package45 in R42 for which the default prior odds is set
√
2
at P (M ) = 2 . Corresponding BETA MAPS are visualized in Figure 6 C and D.
ME LEFT
NO SAC
Channel
(Channel Frequency
after Pruning)
1 (23)
2 (16)
4 (17)
6 (24)
7 (19)
8 (23)
10 (17)
11 (20)
12 (19)
13 (17)
15 (23)
17 (20)
18 (21)
19 (20)
21 (23)
22 (21)

CAR

∆[HbO]

∆[HbR]

∆[HbO]

∆[HbR]

∆[HbO]

β = 1.91 ± 0.67
BF10 = 5.04
β = 3.12 ± 0.93
BF10 = 10.92
β = 3.40 ± 0.91
BF10 = 22.83
β = 3.01 ± 0.71
BF10 = 96.51
β = 5.10 ± 0.86
BF10 = 1752.49
β = 4.34 ± 0.94
BF10 = 200.72
β = 3.88 ± 0.83
BF10 = 131.36
β = 4.20 ± 0.92
BF10 = 149.48
β = 4.31 ± 0.91
BF10 = 175.62
β = 4.13 ± 1.03
BF10 = 37.12
β = 4.01 ± 0.74
BF10 = 1214.67
β = 5.15 ± 1.05
BF10 = 281.44
β = 3.70 ± 0.94
BF10 = 44.28
β = 3.04 ± 1.03
BF10 = 6.00
β = 5.74 ± 1.14
BF10 = 503.95
β = 4.53 ± 1.00
BF10 = 143.36

β = −0.11 ± 0.06
BF10 = 0.82
β = −0.51 ± 0.17
BF10 = 5.78
β = −0.16 ± 0.07
BF10 = 2.08
β = −0.73 ± 0.15
BF10 = 279.06
β = −1.08 ± 0.18
BF10 = 1572.42
β = −0.77 ± 0.17
BF10 = 183.92
β = −0.90 ± 0.23
BF10 = 27.97
β = −0.66 ± 0.12
BF10 = 1358.85
β = −0.90 ± 0.18
BF10 = 370.57
β = −0.63 ± 0.17
BF10 = 17.50
β = −0.86 ± 0.15
BF10 = 2861.99
β = −1.00 ± 0.19
BF10 = 507.77
β = −0.64 ± 0.11
BF10 = 1134.97
β = −0.34 ± 0.11
BF10 = 10.68
β = −1.46 ± 0.30
BF10 = 400.93
β = −0.89 ± 0.22
BF10 = 47.24

β = −2.09 ± 0.42
BF10 = 398.29
β = −0.68 ± 0.57
BF10 = 0.47
β = −0.85 ± 0.29
BF10 = 5.49
β = −0.80 ± 0.46
BF10 = 0.79
β = 0.63 ± 0.39
BF10 = 0.71
β = 0.21 ± 0.41
BF10 = 0.25
β = −0.08 ± 0.44
BF10 = 0.25
β = 0.37 ± 0.28
BF10 = 0.51
β = 0.59 ± 0.32
BF10 = 0.96
β = 0.34 ± 0.33
BF10 = 0.39
β = 0.00 ± 0.35
BF10 = 0.22
β = 0.84 ± 0.58
BF10 = 0.58
β = −0.55 ± 0.45
BF10 = 0.43
β = −1.18 ± 0.53
BF10 = 1.75
β = 1.80 ± 0.56
BF10 = 10.57
β = 0.30 ± 0.49
BF10 = 0.27

β = 0.84 ± 0.17
BF10 = 507.01
β = 0.32 ± 0.16
BF10 = 1.27
β = 0.52 ± 0.10
BF10 = 357.78
β = 0.15 ± 0.13
BF10 = 0.39
β = −0.18 ± 0.18
BF10 = 0.37
β = 0.09 ± 0.13
BF10 = 0.27
β = 0.00 ± 0.13
BF10 = 0.25
β = 0.07 ± 0.12
BF10 = 0.27
β = −0.20 ± 0.09
BF10 = 1.72
β = 0.18 ± 0.15
BF10 = 0.45
β = −0.14 ± 0.12
BF10 = 0.39
β = −0.06 ± 0.17
BF10 = 0.24
β = 0.29 ± 0.16
BF10 = 0.87
β = 0.46 ± 0.13
BF10 = 16.49
β = −0.55 ± 0.17
BF10 = 10.84
β = −0.06 ± 0.14
BF10 = 0.24

β = −1.39 ± 0.30
BF10 = 249.65
β = −0.39 ± 0.43
BF10 = 0.36
β = −0.29 ± 0.17
BF10 = 0.89
β = −0.63 ± 0.36
BF10 = 0.84
β = 0.78 ± 0.27
BF10 = 5.35
β = 0.28 ± 0.36
BF10 = 0.29
β = 0.19 ± 0.33
BF10 = 0.29
β = 0.81 ± 0.30
BF10 = 4.35
β = 0.22 ± 0.29
BF10 = 0.31
β = 0.02 ± 0.28
BF10 = 0.25
β = −0.42 ± 0.27
BF10 = 0.62
β = 0.77 ± 0.53
BF10 = 0.58
β = −0.44 ± 0.34
BF10 = 0.47
β = −0.95 ± 0.31
BF10 = 8.15
β = 1.26 ± 0.40
BF10 = 10.14
β = −0.01 ± 0.38
BF10 = 0.23

NO SAC
Channel
(Channel Frequency
after Pruning)
1 (23)
2 (16)
4 (17)
6 (24)
7 (19)
8 (23)
10 (17)
11 (20)
12 (19)
13 (17)
15 (23)
17 (20)
18 (21)
19 (20)
21 (23)
22 (21)

GCR

SSR
∆[HbR]

β = 0.56 ± 0.11
BF10 = 579.87
β = 0.09 ± 0.11
BF10 = 0.33
β = 0.29 ± 0.06
BF10 = 144.66
β = 0.01 ± 0.11
BF10 = 0.22
β = −0.39 ± 0.10
BF10 = 24.85
β = 0.03 ± 0.12
BF10 = 0.22
β = −0.15 ± 0.12
BF10 = 0.48
β = −0.21 ± 0.08
BF10 = 3.80
β = −0.13 ± 0.09
BF10 = 0.60
β = 0.21 ± 0.15
BF10 = 0.58
β = 0.04 ± 0.14
BF10 = 0.23
β = −0.17 ± 0.09
BF10 = 1.09
β = 0.10 ± 0.09
BF10 = 0.37
β = 0.31 ± 0.09
BF10 = 17.93
β = −0.43 ± 0.13
BF10 = 11.27
β = 0.00 ± 0.10
BF10 = 0.23
ME RIGHT
GCR

CAR

GLM ALL

GLM BH

∆[HbO]

∆[HbR]

∆[HbO]

∆[HbR]

∆[HbO]

∆[HbR]

β = 0.56 ± 0.24
BF10 = 2.16
β = 1.19 ± 0.47
BF10 = 2.64
β = 0.73 ± 0.21
BF10 = 15.76
β = 1.29 ± 0.41
BF10 = 9.76
β = 2.27 ± 0.33
BF10 = 10.77 · 103
β = 1.36 ± 0.38
BF10 = 20.57
β = 1.51 ± 0.40
BF10 = 26.13
β = 1.25 ± 0.26
BF10 = 207.60
β = 1.75 ± 0.50
BF10 = 17.17
β = 1.50 ± 0.44
BF10 = 12.86
β = 3.17 ± 0.54
BF10 = 3.03 · 103
β = 2.07 ± 0.60
BF10 = 15.86
β = 0.66 ± 0.27
BF10 = 2.28
β = 0.14 ± 0.24
BF10 = 0.27
β = 3.28 ± 0.72
BF10 = 188.73
β = 1.68 ± 0.44
BF10 = 32.79

β = −0.08 ± 0.06
BF10 = 0.44
β = −0.44 ± 0.17
BF10 = 3.29
β = −0.08 ± 0.07
BF10 = 0.44
β = −0.69 ± 0.15
BF10 = 226.55
β = −1.09 ± 0.18
BF10 = 2897.53
β = −0.69 ± 0.16
BF10 = 123.15
β = −0.83 ± 0.24
BF10 = 13.72
β = −0.57 ± 0.13
BF10 = 103.93
β = −0.83 ± 0.18
BF10 = 169.47
β = −0.58 ± 0.17
BF10 = 11.43
β = −1.03 ± 0.18
BF10 = 2030.39
β = −0.88 ± 0.15
BF10 = 1623.04
β = −0.57 ± 0.10
BF10 = 1052.78
β = −0.27 ± 0.08
BF10 = 10.77
β = −1.32 ± 0.25
BF10 = 1043.97
β = −0.75 ± 0.21
BF10 = 18.80

β = −0.21 ± 0.17
BF10 = 0.43
β = 0.56 ± 0.33
BF10 = 0.81
β = 0.40 ± 0.13
BF10 = 7.03
β = 0.72 ± 0.31
BF10 = 2.07
β = 1.55 ± 0.29
BF10 = 561.50
β = 0.97 ± 0.35
BF10 = 4.46
β = 1.05 ± 0.35
BF10 = 6.57
β = 0.77 ± 0.18
BF10 = 93.81
β = 1.45 ± 0.30
BF10 = 238.65
β = 1.01 ± 0.23
BF10 = 82.38
β = 1.75 ± 0.37
BF10 = 241.18
β = 1.08 ± 0.44
BF10 = 2.45
β = 0.00 ± 0.17
BF10 = 0.23
β = −0.04 ± 0.18
BF10 = 0.24
β = 2.79 ± 0.58
BF10 = 335.61
β = 1.31 ± 0.39
BF10 = 12.98

β = −0.11 ± 0.07
BF10 = 0.71
β = −0.44 ± 0.17
BF10 = 3.06
β = −0.14 ± 0.06
BF10 = 1.56
β = −0.46 ± 0.10
BF10 = 221.94
β = −0.81 ± 0.15
BF10 = 570.89
β = −0.58 ± 0.19
BF10 = 8.54
β = −0.55 ± 0.18
BF10 = 6.13
β = −0.41 ± 0.11
BF10 = 23.03
β = −0.61 ± 0.12
BF10 = 538.96
β = −0.45 ± 0.18
BF10 = 2.58
β = −0.74 ± 0.11
BF10 = 39.20 · 103
β = −0.52 ± 0.14
BF10 = 35.22
β = −0.29 ± 0.07
BF10 = 42.75
β = −0.13 ± 0.05
BF10 = 4.05
β = −1.19 ± 0.23
BF10 = 625.22
β = −0.65 ± 0.23
BF10 = 5.02

β = −0.29 ± 0.24
BF10 = 0.42
β = 0.48 ± 0.46
BF10 = 0.41
β = 0.39 ± 0.17
BF10 = 1.91
β = 0.94 ± 0.41
BF10 = 1.81
β = 2.01 ± 0.40
BF10 = 318.17
β = 1.45 ± 0.50
BF10 = 5.63
β = 0.98 ± 0.42
BF10 = 2.03
β = 1.02 ± 0.23
BF10 = 111.29
β = 1.46 ± 0.38
BF10 = 29.79
β = 1.40 ± 0.24
BF10 = 1150.48
β = 2.30 ± 0.52
BF10 = 131.99
β = 1.57 ± 0.47
BF10 = 12.27
β = 0.33 ± 0.27
BF10 = 0.44
β = 0.03 ± 0.17
BF10 = 0.24
β = 3.06 ± 0.69
BF10 = 150.44
β = 1.23 ± 0.53
BF10 = 2.01

β = −0.16 ± 0.07
BF10 = 2.27
β = −0.49 ± 0.18
BF10 = 3.70
β = −0.20 ± 0.10
BF10 = 1.47
β = −0.58 ± 0.13
BF10 = 159.51
β = −0.94 ± 0.16
BF10 = 1709.00
β = −0.67 ± 0.18
BF10 = 28.84
β = −0.69 ± 0.24
BF10 = 5.24
β = −0.45 ± 0.12
BF10 = 21.32
β = −0.77 ± 0.16
BF10 = 225.63
β = −0.52 ± 0.23
BF10 = 1.91
β = −0.88 ± 0.15
BF10 = 3147.56
β = −0.67 ± 0.14
BF10 = 200.45
β = −0.47 ± 0.10
BF10 = 310.54
β = −0.23 ± 0.07
BF10 = 8.36
β = −1.29 ± 0.27
BF10 = 340.11
β = −0.89 ± 0.25
BF10 = 18.58

SSR

GLM ALL

GLM BH

∆[HbO]

∆[HbR]

∆[HbO]

∆[HbR]

∆[HbO]

∆[HbR]

∆[HbO]

∆[HbR]

∆[HbO]

∆[HbR]

∆[HbO]

∆[HbR]

β = 1.62 ± 0.62
BF10 = 3.32
β = 2.86 ± 0.95
BF10 = 6.15
β = 2.76 ± 0.61
BF10 = 100.62
β = 3.04 ± 0.61
BF10 = 488.28
β = 4.54 ± 0.65
BF10 = 11.68 · 103
β = 4.59 ± 0.64
BF10 = 43.09 · 103
β = 2.85 ± 0.46
BF10 = 1.84 · 103
β = 3.30 ± 0.54
BF10 = 3.19 · 103
β = 2.92 ± 0.62
BF10 = 171.55
β = 2.56 ± 0.66
BF10 = 29.33
β = 2.42 ± 0.65
BF10 = 31.62
β = 4.65 ± 0.76
BF10 = 2.90 · 103
β = 3.96 ± 0.56
BF10 = 25.38 · 103
β = 2.30 ± 0.67
BF10 = 14.96
β = 2.40 ± 0.63
BF10 = 35.10
β = 2.35 ± 0.75
BF10 = 8.61

β = −0.03 ± 0.08
BF10 = 0.24
β = −0.46 ± 0.14
BF10 = 11.51
β = −0.13 ± 0.08
BF10 = 0.77
β = −0.83 ± 0.21
BF10 = 48.42
β = −1.15 ± 0.21
BF10 = 695.14
β = −1.23 ± 0.22
BF10 = 1.70 · 103
β = −0.69 ± 0.16
BF10 = 72.47
β = −0.92 ± 0.21
BF10 = 88.97
β = −0.88 ± 0.17
BF10 = 572.69
β = −0.16 ± 0.11
BF10 = 0.59
β = −0.69 ± 0.17
BF10 = 71.46
β = −1.90 ± 0.67
BF10 = 4.85
β = −1.19 ± 0.20
BF10 = 30.03 · 103
β = −0.24 ± 0.15
BF10 = 0.67
β = −0.75 ± 0.16
BF10 = 194.00
β = −0.41 ± 0.12
BF10 = 16.41

β = −1.72 ± 0.50
BF10 = 17.36
β = −0.23 ± 0.70
BF10 = 0.27
β = −0.79 ± 0.28
BF10 = 4.36
β = −0.12 ± 0.40
BF10 = 0.22
β = 1.15 ± 0.37
BF10 = 7.30
β = 1.34 ± 0.37
BF10 = 22.44
β = −0.14 ± 0.37
BF10 = 0.27
β = 0.35 ± 0.23
BF10 = 0.59
β = −0.02 ± 0.28
BF10 = 0.24
β = −0.55 ± 0.33
BF10 = 0.78
β = −0.84 ± 0.29
BF10 = 6.10
β = 1.47 ± 0.81
BF10 = 0.92
β = 0.69 ± 0.30
BF10 = 1.80
β = −0.70 ± 0.44
BF10 = 0.68
β = −1.13 ± 0.38
BF10 = 6.30
β = −1.07 ± 0.53
BF10 = 1.27

β = 0.96 ± 0.19
BF10 = 659.35
β = 0.39 ± 0.12
BF10 = 8.33
β = 0.60 ± 0.12
BF10 = 194.74
β = 0.03 ± 0.13
BF10 = 0.22
β = −0.20 ± 0.18
BF10 = 0.40
β = −0.33 ± 0.14
BF10 = 1.91
β = 0.13 ± 0.11
BF10 = 0.48
β = 0.01 ± 0.16
BF10 = 0.23
β = −0.10 ± 0.09
BF10 = 0.40
β = 0.57 ± 0.14
BF10 = 41.49
β = 0.17 ± 0.14
BF10 = 0.42
β = −0.82 ± 0.51
BF10 = 0.70
β = −0.15 ± 0.11
BF10 = 0.53
β = 0.55 ± 0.16
BF10 = 15.51
β = 0.20 ± 0.13
BF10 = 0.59
β = 0.40 ± 0.08
BF10 = 543.21

β = −1.05 ± 0.31
BF10 = 14.42
β = −0.29 ± 0.48
BF10 = 0.30
β = −0.31 ± 0.19
BF10 = 0.80
β = −0.65 ± 0.32
BF10 = 1.29
β = 0.58 ± 0.31
BF10 = 1.01
β = 0.75 ± 0.34
BF10 = 1.69
β = 0.23 ± 0.24
BF10 = 0.37
β = 0.59 ± 0.19
BF10 = 7.11
β = 0.57 ± 0.25
BF10 = 1.83
β = 0.19 ± 0.29
BF10 = 0.30
β = −0.10 ± 0.28
BF10 = 0.23
β = 0.66 ± 0.66
BF10 = 0.36
β = −0.13 ± 0.37
BF10 = 0.24
β = −0.54 ± 0.26
BF10 = 1.30
β = −0.24 ± 0.33
BF10 = 0.28
β = −0.34 ± 0.33
BF10 = 0.36

β = 0.57 ± 0.12
BF10 = 386.50
β = 0.16 ± 0.11
BF10 = 0.58
β = 0.33 ± 0.09
BF10 = 19.30
β = 0.16 ± 0.12
BF10 = 0.44
β = −0.14 ± 0.15
BF10 = 0.35
β = −0.19 ± 0.13
BF10 = 0.59
β = −0.13 ± 0.10
BF10 = 0.51
β = −0.33 ± 0.12
BF10 = 4.35
β = −0.27 ± 0.11
BF10 = 2.53
β = 0.25 ± 0.09
BF10 = 3.64
β = −0.11 ± 0.11
BF10 = 0.34
β = −0.54 ± 0.37
BF10 = 0.58
β = 0.08 ± 0.19
BF10 = 0.25
β = 0.35 ± 0.10
BF10 = 18.18
β = −0.11 ± 0.10
BF10 = 0.39
β = 0.14 ± 0.07
BF10 = 1.20

β = 0.38 ± 0.28
BF10 = 0.50
β = 1.01 ± 0.51
BF10 = 1.20
β = 0.71 ± 0.22
BF10 = 8.00
β = 1.78 ± 0.45
BF10 = 53.34
β = 2.58 ± 0.32
BF10 = 77.57 · 103
β = 2.62 ± 0.43
BF10 = 4.49 · 103
β = 1.29 ± 0.39
BF10 = 10.15
β = 1.62 ± 0.33
BF10 = 279.53
β = 1.17 ± 0.37
BF10 = 9.55
β = 0.66 ± 0.25
BF10 = 3.14
β = 1.82 ± 0.52
BF10 = 19.24
β = 2.55 ± 0.83
BF10 = 7.81
β = 1.94 ± 0.38
BF10 = 498.90
β = 0.28 ± 0.22
BF10 = 0.46
β = 1.01 ± 0.35
BF10 = 5.96
β = 0.86 ± 0.43
BF10 = 1.24

β = 0.02 ± 0.08
BF10 = 0.23
β = −0.37 ± 0.13
BF10 = 3.80
β = −0.06 ± 0.07
BF10 = 0.32
β = −0.83 ± 0.21
BF10 = 41.68
β = −1.07 ± 0.22
BF10 = 286.24
β = −1.15 ± 0.20
BF10 = 2.10 · 103
β = −0.53 ± 0.15
BF10 = 18.71
β = −0.76 ± 0.22
BF10 = 15.01
β = −0.71 ± 0.18
BF10 = 33.83
β = −0.14 ± 0.08
BF10 = 0.88
β = −0.71 ± 0.17
BF10 = 90.63
β = −1.73 ± 0.69
BF10 = 2.72
β = −1.03 ± 0.20
BF10 = 602.32
β = −0.15 ± 0.08
BF10 = 0.84
β = −0.59 ± 0.15
BF10 = 53.12
β = −0.21 ± 0.12
BF10 = 0.87

β = −0.22 ± 0.17
BF10 = 0.47
β = 0.42 ± 0.58
BF10 = 0.32
β = 0.10 ± 0.15
BF10 = 0.30
β = 1.17 ± 0.38
BF10 = 8.03
β = 2.09 ± 0.30
BF10 = 11.47 · 103
β = 2.07 ± 0.48
BF10 = 105.78
β = 0.22 ± 0.21
BF10 = 0.40
β = 0.79 ± 0.20
BF10 = 40.48
β = 0.69 ± 0.25
BF10 = 4.02
β = 0.10 ± 0.23
BF10 = 0.27
β = 0.84 ± 0.37
BF10 = 1.96
β = 2.06 ± 0.61
BF10 = 14.00
β = 1.39 ± 0.33
BF10 = 83.07
β = 0.03 ± 0.22
BF10 = 0.23
β = 0.38 ± 0.38
BF10 = 0.34
β = −0.05 ± 0.23
BF10 = 0.23

β = 0.03 ± 0.06
BF10 = 0.24
β = −0.42 ± 0.17
BF10 = 2.86
β = −0.08 ± 0.06
BF10 = 0.56
β = −0.62 ± 0.16
BF10 = 49.24
β = −0.89 ± 0.19
BF10 = 196.74
β = −0.97 ± 0.22
BF10 = 133.05
β = −0.44 ± 0.23
BF10 = 1.09
β = −0.56 ± 0.21
BF10 = 3.89
β = −0.54 ± 0.14
BF10 = 40.72
β = −0.20 ± 0.21
BF10 = 0.38
β = −0.51 ± 0.13
BF10 = 52.21
β = −1.22 ± 0.51
BF10 = 2.27
β = −0.71 ± 0.16
BF10 = 101.70
β = −0.10 ± 0.05
BF10 = 1.10
β = −0.46 ± 0.12
BF10 = 47.02
β = −0.18 ± 0.08
BF10 = 1.71

β = −0.18 ± 0.30
BF10 = 0.26
β = 0.79 ± 0.62
BF10 = 0.51
β = 0.41 ± 0.18
BF10 = 1.82
β = 1.43 ± 0.46
BF10 = 8.84
β = 2.31 ± 0.40
BF10 = 1.35 · 103
β = 2.47 ± 0.52
BF10 = 299.58
β = 0.76 ± 0.30
BF10 = 2.92
β = 1.29 ± 0.26
BF10 = 323.23
β = 0.78 ± 0.33
BF10 = 2.00
β = 0.53 ± 0.17
BF10 = 7.96
β = 0.86 ± 0.45
BF10 = 1.02
β = 2.42 ± 0.68
BF10 = 19.54
β = 1.76 ± 0.40
BF10 = 106.95
β = 0.11 ± 0.27
BF10 = 0.25
β = 0.23 ± 0.54
BF10 = 0.24
β = −0.20 ± 0.36
BF10 = 0.26

β = −0.01 ± 0.07
BF10 = 0.22
β = −0.46 ± 0.14
BF10 = 10.08
β = −0.15 ± 0.09
BF10 = 0.77
β = −0.70 ± 0.18
BF10 = 54.63
β = −0.99 ± 0.21
BF10 = 157.14
β = −1.05 ± 0.21
BF10 = 406.28
β = −0.44 ± 0.14
BF10 = 7.38
β = −0.64 ± 0.21
BF10 = 6.50
β = −0.67 ± 0.18
BF10 = 30.09
β = −0.11 ± 0.13
BF10 = 0.35
β = −0.64 ± 0.16
BF10 = 44.04
β = −1.49 ± 0.66
BF10 = 1.74
β = −0.95 ± 0.20
BF10 = 264.48
β = −0.13 ± 0.10
BF10 = 0.53
β = −0.57 ± 0.16
BF10 = 20.48
β = −0.33 ± 0.11
BF10 = 6.66
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Table 7 Results of the Bayesian t-tests of the BETA MAPS analysis of the MI data. Mean ± SEM represent mean
beta values of the respective channel and its standard error of the mean, BF10 represent Bayes factors. Bayesian
√
t-tests were performed with the BayesFactor package45 in R42 for which the default prior odds is set at P (M ) = 22 .
Corresponding BETA MAPS are visualized in Figure 7 C.
MI
NO SAC
Channel
(Channel Frequency
after Pruning)
1 (23)
2 (16)
4 (17)
6 (24)
7 (19)
8 (23)
10 (17)
11 (20)
12 (19)
13 (17)
15 (23)
17 (20)
18 (21)
19 (20)
21 (23)
22 (21)

CAR

GCR

SSR

GLM ALL

GLM BH

∆[HbO]

∆[HbR]

∆[HbO]

∆[HbR]

∆[HbO]

∆[HbR]

∆[HbO]

∆[HbR]

∆[HbO]

∆[HbR]

∆[HbO]

∆[HbR]

β = 1.33 ± 0.39
BF10 = 15.67
β = 1.69 ± 0.47
BF10 = 16.02
β = 1.87 ± 0.42
BF10 = 79.26
β = 2.24 ± 0.38
BF10 = 4086.44
β = 2.80 ± 0.50
BF10 = 998.17
β = 2.35 ± 0.44
BF10 = 1084.66
β = 2.26 ± 0.46
BF10 = 189.59
β = 2.00 ± 0.43
BF10 = 153.19
β = 2.17 ± 0.43
BF10 = 301.58
β = 2.03 ± 0.42
BF10 = 156.26
β = 2.22 ± 0.41
BF10 = 1201.92
β = 2.87 ± 0.57
BF10 = 387.49
β = 1.81 ± 0.34
BF10 = 838.01
β = 1.35 ± 0.43
BF10 = 8.75
β = 1.77 ± 0.44
BF10 = 58.50
β = 1.19 ± 0.57
BF10 = 1.40

β = −0.03 ± 0.04
BF10 = 0.26
β = −0.19 ± 0.08
BF10 = 1.86
β = −0.14 ± 0.05
BF10 = 3.85
β = −0.67 ± 0.10
BF10 = 13.94 · 103
β = −0.63 ± 0.09
BF10 = 12.46 · 103
β = −0.41 ± 0.10
BF10 = 78.33
β = −0.55 ± 0.16
BF10 = 15.51
β = −0.35 ± 0.05
BF10 = 61.24 · 103
β = −0.43 ± 0.08
BF10 = 445.39
β = −0.15 ± 0.07
BF10 = 1.88
β = −0.48 ± 0.10
BF10 = 532.27
β = −0.47 ± 0.12
BF10 = 31.40
β = −0.22 ± 0.05
BF10 = 96.37
β = −0.07 ± 0.09
BF10 = 0.30
β = −0.33 ± 0.08
BF10 = 116.08
β = −0.12 ± 0.09
BF10 = 0.47

β = −0.63 ± 0.20
BF10 = 8.53
β = 0.17 ± 0.28
BF10 = 0.30
β = −0.38 ± 0.22
BF10 = 0.89
β = 0.19 ± 0.16
BF10 = 0.41
β = 0.72 ± 0.18
BF10 = 38.87
β = 0.13 ± 0.20
BF10 = 0.27
β = 0.36 ± 0.31
BF10 = 0.45
β = 0.09 ± 0.15
BF10 = 0.27
β = 0.37 ± 0.16
BF10 = 1.85
β = −0.11 ± 0.20
BF10 = 0.29
β = 0.14 ± 0.19
BF10 = 0.29
β = 0.71 ± 0.44
BF10 = 0.71
β = −0.21 ± 0.16
BF10 = 0.48
β = −0.46 ± 0.22
BF10 = 1.49
β = −0.20 ± 0.18
BF10 = 0.38
β = −0.70 ± 0.34
BF10 = 1.30

β = 0.34 ± 0.06
BF10 = 2077.01
β = 0.12 ± 0.08
BF10 = 0.79
β = 0.15 ± 0.04
BF10 = 12.71
β = −0.30 ± 0.07
BF10 = 160.99
β = −0.34 ± 0.08
BF10 = 65.06
β = −0.03 ± 0.08
BF10 = 0.24
β = −0.21 ± 0.12
BF10 = 0.83
β = −0.07 ± 0.04
BF10 = 0.71
β = −0.14 ± 0.05
BF10 = 3.37
β = 0.18 ± 0.05
BF10 = 31.51
β = −0.12 ± 0.08
BF10 = 0.63
β = −0.11 ± 0.11
BF10 = 0.36
β = 0.12 ± 0.07
BF10 = 0.96
β = 0.25 ± 0.09
BF10 = 5.71
β = 0.04 ± 0.05
BF10 = 0.28
β = 0.20 ± 0.07
BF10 = 6.62

β = −0.55 ± 0.19
BF10 = 5.73
β = 0.00 ± 0.21
BF10 = 0.25
β = −0.25 ± 0.13
BF10 = 1.01
β = −0.08 ± 0.12
BF10 = 0.27
β = 0.45 ± 0.16
BF10 = 5.01
β = −0.09 ± 0.16
BF10 = 0.25
β = 0.35 ± 0.26
BF10 = 0.54
β = 0.08 ± 0.15
BF10 = 0.27
β = 0.33 ± 0.14
BF10 = 2.38
β = −0.01 ± 0.20
BF10 = 0.25
β = 0.19 ± 0.17
BF10 = 0.37
β = 0.48 ± 0.33
BF10 = 0.58
β = −043 ± 0.20
BF10 = 1.45
β = −0.26 ± 0.11
BF10 = 1.85
β = −0.06 ± 0.16
BF10 = 0.24
β = −0.46 ± 0.25
BF10 = 0.94

β = 0.30 ± 0.06
BF10 = 989.14
β = 0.10 ± 0.06
BF10 = 0.75
β = 0.11 ± 0.04
BF10 = 4.63
β = −0.21 ± 0.08
BF10 = 3.91
β = −0.26 ± 0.05
BF10 = 379.26
β = 0.06 ± 0.06
BF10 = 0.32
β = −0.20 ± 0.11
BF10 = 1.08
β = −0.10 ± 0.03
BF10 = 15.84
β = −0.13 ± 0.04
BF10 = 4.93
β = 0.11 ± 0.04
BF10 = 5.99
β = −0.16 ± 0.06
BF10 = 2.38
β = −0.04 ± 0.08
BF10 = 0.26
β = 0.15 ± 0.04
BF10 = 18.69
β = 0.16 ± 0.06
BF10 = 4.16
β = 0.00 ± 0.04
BF10 = 0.22
β = 0.13 ± 0.06
BF10 = 1.40

β = 0.39 ± 0.14
BF10 = 4.42
β = 0.82 ± 0.33
BF10 = 2.48
β = 0.44 ± 0.15
BF10 = 4.62
β = 1.19 ± 0.23
BF10 = 644.22
β = 1.56 ± 0.27
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β = 0.94 ± 0.23
BF10 = 70.38
β = 0.92 ± 0.25
BF10 = 21.59
β = 0.60 ± 0.21
BF10 = 4.59
β = 0.88 ± 0.26
BF10 = 12.73
β = 0.59 ± 0.23
BF10 = 2.78
β = 1.34 ± 0.29
BF10 = 238.83
β = 1.41 ± 0.48
BF10 = 5.60
β = 0.45 ± 0.14
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β = 0.12 ± 0.17
BF10 = 0.29
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β = 0.19 ± 0.30
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β = 0.01 ± 0.04
BF10 = 0.22
β = −0.13 ± 0.09
BF10 = 0.64
β = −0.07 ± 0.05
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β = −0.64 ± 0.10
BF10 = 14.03 · 103
β = −0.63 ± 0.10
BF10 = 1.98 · 103
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BF10 = 10.39
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β = −0.15 ± 0.06
BF10 = 2.91
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β = −0.28 ± 0.08
BF10 = 28.90
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β = 0.27 ± 0.12
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β = 0.77 ± 0.20
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β = 0.43 ± 0.15
BF10 = 4.46
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BF10 = 134 · 103
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β = 0.12 ± 0.16
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β = 0.61 ± 0.29
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β = 0.35 ± 0.11
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β = 0.99 ± 0.24
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BF10 = 12.75
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β = 1.14 ± 0.45
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β = 0.30 ± 0.13
BF10 = 1.93
β = −0.05 ± 0.18
BF10 = 0.24
β = 0.49 ± 0.24
BF10 = 1.25
β = −0.23 ± 0.27
BF10 = 0.32

β = −0.03 ± 0.04
BF10 = 0.27
β = −0.17 ± 0.08
BF10 = 1.39
β = −0.13 ± 0.05
BF10 = 2.74
β = −0.56 ± 0.09
BF10 = 17.26 · 103
β = −0.51 ± 0.08
BF10 = 2.35 · 103
β = −0.33 ± 0.09
BF10 = 36.12
β = −0.40 ± 0.13
BF10 = 7.36
β = −0.22 ± 0.03
BF10 = 8.73 · 03
β = −0.31 ± 0.07
BF10 = 129.49
β = −0.09 ± 0.05
BF10 = 70.98
β = −0.44 ± 0.09
BF10 = 357.51
β = −0.27 ± 0.13
BF10 = 1.22
β = −0.09 ± 0.04
BF10 = 1.38
β = −0.01 ± 0.06
BF10 = 0.24
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BF10 = 15.06
β = −0.04 ± 0.08
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49 M. A. Yücel, A. V. Lühmann, F. Scholkmann, et al., “Best practices for fnirs publications,”
Neurophotonics 8(1), 012101 (2021).

1028
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