Incidence of Electrode Bridges in Publicly Available EEG Data: An Exploratory Survey
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Introduction Electrical Distance Detecting Electrode Bridges
In multichannel EEG montages, channels can easily be Contrary to common perception, electrical bridging is not readily Bridged electrodes were identified session-by-session. Pre- Table 2. Electrode bridging by dataset.
electrically bridged by electrolyte spreading between apparent when viewing continuous, epoched, or averaged data. processed, epoched data were imported using EEGLAB and
adjacent electrode sites 514 or equipment defects (e.g., However, the intrinsic Hjorth algorithm, originally implemented in analyzed in Matlab using the following algorithm: Dataset Az, Bgs Coo D3 Esy
plug or cable shorts). Although rarely acknowledged in [I;l,?“lljr?rﬁicsagl 36?i,t:r?1$cgerr?nu?2§\;\;1netce)lgstﬁsjlfl:jli;?a?wif?lggg g;'gﬁ"ng 1. Data were epoched to form an n (channels) x m (epochs) matrix. Number of sessions with % 8 0 0 9
the literature, such bridges have the potential to severely T gorithm P . . . 2. An n x n x m ED matrix was computed from the epoched data. bridai
. . : . pairwise potential difference waveforms to identify bridged . . . . . slielglinie
distort (i.e., spatially low-pass filter) an EEG or ERP channels14] 3. Electrical distances were scaled by their associated median (scale Percentage of Sessions
topography, confounding conventional descriptions and o | | | factor = 100 / median). b brid J 84 /5 0 0 13
inferences while invalidating source localization A potential d'ﬁerence V_V3V9f0rm IS defined as the dn‘fgrencg 4. The electrical distances were summarized by their frequency i raging
estimates. Surprisingly, the prevalence of bridging in data between the time-varying potentials (P) of channels /i and j, distribution (bin size = 0.25). Sessions with bridged electrodes had Mean percentage of brldged N@ e - Ay e
contributing to the literature is unknown. computed as: P.,()=P(t)-P ) a characteristic peak near zero (Fig. 2B). This local ED peak (LP) electrodes in EEG montage RS
. . . . . . was identified when present.
Theoretically and practically, bridged channels can be The ED of that difference waveform is the temporal variance of the 5. If no local peak existFe)d with an ED < 5. the ED cutoff was set to 0
: . : : : : : : T ' ) ' .
|dent|f|ed by. thel.r (nearly) identical wavetorms, but this wavetorm, cefined as: ED. = 12(/3 (t)—P -(t))2 6. The local minimum (LM) following the local peak with an ED < 10 100% -
Iabor-lnte_nswe V|S_Ua| search may .l?e. replaced bY_ a more T ol was automatically identified and set as the ED cutoff.
Z@fﬂrgzt';::g?e”ﬁzl ?rF\)E[)rr\ce)aCrhe::!tZISnt%dan \?Jee(é(CaCIaJ ated In the current study, bridged electrodes were identified using £ :f 50(;/;; or more Oflat” ter?OCéhs fOf[ af?ybgl%enhpalr 0|f channe:s Wi_r ed
- b - INMeP o of Y, il e common features in frequency distributions of electrical distances, €ss than or equal to the EL cuUtolt, both channels were Classiiie 80 -
the incidence o l:?rldglng INa sampie o pgb icly-available similar to the artifact rejection method outlined by Kayser and as bridged.
EEG datasets using an automated analysis of the Tenke [81. 2000 |
frequency distributions of epoch-by-epoch electrical A »LP | 4000 Session With Bridging
distances 8. ) ] ﬂ : 3000 Session Without Bridging 60% - Not Bridged
® 3000 - i | ——— ED Cutoff — i
Bridging Example g o e <100
__ EEGData : N —N
- | 1000 | _ m—— <30% &
Public EEG datasets were defined as such if these data were ° 2000 - : . V \ L 40% - . mmmm <40% o
freely available on the Internet for download, either directly or < : 0 ' 200 300 0 506——] mm <50%
upon request. Datasets were used if an associated publication § ] ]
could be found and if EEG data were recorded with at least 20 < 10007 :
electrodes and included at least 15 sessions. A “session” was w / 20% -
defined as a single time period during which an electrode cap . f )( — | | | | | |
was applied and EEG data were acquired for at least 50 N\
. . . . 0 2 4 6 8 10
seconds. Five datasets meeting these selection criteria were LM Etectrical Distance
used for this survey [1-3.6.9.10.1213] gnd randomly labeled A-E (with 0% - | AI BI CI DI EI
a subscript indicating the number of channels). The data were 2000 All 32 64 22 32 %4
minimally preprocessed, although sets A,, (50-Hz notch, 100-Hz P i : .
high-pass), B, (0.1 Hz high-pass, 60 Hz iow-pass) and C.,, (0.5- B e | 4000 —— All Epochs Fig. 3. Prevalence of electrode bridges across all and for each_
50 Hz band-pass, 50 Hz notch) had already been filtered. Data I\ | 3000 —— Bridged Epochs dataset. Each bar shows the percentage of bridged electrodes in the
were acquired us.ng a variety of reference schemes inch.jding @ 3000 - : Non-Bridged Epochs EEG montage. Bridges were detected in three of the five datasets (red
acquisition- or system-specific references, but all sessions were § I\ 1 2000 /‘“"\\‘ ——— ED Cutoff bars in Agy, Bgy, and Es,, but not C,, or D).
re-referenced to vertex (Cz) during preprocessing. L 7000 ’ \ i 1000 - [/"\“
© I |
. .. . . - - T Y (——— | ——— .
Table 1. Core characteristics of data included in current study. _Eg; _Egg é I \ : 0 " 200 300 400 500 Concl usions
— Difference — Difference = i
Datasetnumber ofchannels  Asz2 Besa  Coo D3z Esg Z 1000 J \\ | » Electrode bridging occurred quite frequently (54%
EEG channels 32 ©64 22 32 94 | across all sessions) in the surveyed datasets; however,
Number of subjects 16 109 9 32 5 | 0 ;_J . — I profound differences were revealed between individual
Sessions per subject 2 1 2 1 3 600 1| gt 111100 0 2 EM ¢« s 8 10 datasets (Table. 2; Fig. 3).
Total sessions 302 109 18 32 15 | Electrical Distance - The automated algorithm outlined above is simple and
a ' ‘ U Fig. 2. Frequency distributions of electrical distances: number of epochs compelling, allowing for easy identification of electrode
2 out of 32 sessions excluded _ Bﬁdged (ED =0.3) _ N°“_'B"id99d (ED =13.0) asga functign of e)llectrical distance (insets show complete freQUenCiz/ bridging (Fig. 2).
Fig. 1. A single sweep from dataset A;, with 6 bridged electrodes (6/32 | | distributions of electrical distances). A. Partial frequency distributions of . Given the high prevalence of electrode bridging for
. - channels). Enlarged, superimposed waveforms exemplify bridged low electrical distances (range 0 to 10) from two sessions of dataset A, some datasets. EEG recordinas should be routinel
Preproce55|ng (PO3/PO7) and non-bridged (PO4/PO8) pairs of adjacent channels. one with electrode bridging (session containing sweep shown in Fig. 1) g . 9 . . y
Th dina diff forms (areen). alona with their . . P . . screened for bridges prior to analysis to avoid
All data from a given session were resampled to 128 sps and = Weliliss]painelini) RIMEMENES treiis el (9 e ), 2lSig) et ik and one without. B. Partial frequency distributions from session shown in o _ )
converted to BDF format using EEGLAB B3], then merged into a respective EDs, quantify the degree of similarity, which can in turn be A (red), separately plotted for epochs from bridged and non-bridged significant pltfalls.stemmlng from unknown, and _
single file and converted to NeuroScan 1 6-,bit cnt format using used to operationalize electrode bridging. electrode pairs. perhaps systematic, distortions of EEG topographies.

PolyRex 71, All channels corresponding to recording sites that

were not an integral part of an electrode cap (e.g., Nose, EOQG) Refe rences
were removed. Bad channels were manually flagged after visual
inspection and sections that showed signs of data [11BCI2000. (n.d.). Retrieved from http://www.bci2000.0rg. physiologic signals. Circulation, 101(23), €215-e220. [11NeuroScan, Inc. (2003). SCAN 4.3. Vol. Il. EDIT 4.3—Offline analysis of acquired data (Document number
' : : : : T [’ Delorme, A., Rousselet, G., Mace, M., & Fabre-Thorpe M. (2004). Interaction of Bottom-up and Top-down ["lKayser, J. (2003). Polygraphic Recording Data Exchange - PolyRex 2203, Revision D). El Paso, TX: Compumedics Neuroscan.
11 P P P y ygrap g g y P
Saturatlon/C“ppmg Were automatlcally reJeCted [_ ]' The data WEre processing in the fast visual analysis of natural scenes. Cognitive Brain Research, 19(2), 103-113. (http://psychophysiology.cpomc.columbia.edu/PolyRex.htm). New York State Psychiatric Institute: ["21Savran, A., Ciftci, K., Chanel, G., Cruz Mota, J., Hong Viet, L., Sankur, ... Rombaut, L. (2006). Emotion
epoched (1 28 SampIeS, not event-locked) and filtered (01 -30 Hz 31 Delorme, A., & Makeig, S. (2004). EEGLAB: an open source toolbox for analysis of single-trial EEG Department of Biopsychology. detection in the loop from brain signals and facial images. Presented at eNTERFACE’06 in Dubrovnik,
band 24 dB/oct FIR [11] dynamics including independent component analysis. Journal of Neuroscience Methods, 134(1), 9-21. 8l Kayser, & J., Tenke, C.E. (2006). Electrical distance as a reference-free measure for identifying artifacts in Croatia, July 17 — Aug. 11, 2006.
da paSS’ oclave, ) 14l Delorme, A., Makeig, S., Fabre-Thorpe, & M. Sejnowski, T. (2002). From Single-trials EEG to Brain Area multichannel electroencephalogram (EEG) recordings. Psychophysiology, 43, S51. [Poster available at [81Schalk, G., McFarland, D.J., Hinterberger, T., Birbaumer, N., & Wolpaw, J.R. (2004). BCI2000: A general-
: Dynamics. Neurocomputing, 44-46, 1057-1064. http://psychophysiology.cpmc.columbia.edu/mmedia/SPR2006/ElecDistArti.pdf ] purpose brain-computer interface (BCI) system. IEEE Transactions on Biomedical Engineering, 51(6),
Two sessions fr(?m dataset A_32 were excluded befor.e analyses 5] Greischar, L.L., Burghy, C.A., van Reekum, C.M., Jackson, D.C., Pizzagalli, D.A., Mueller, C., & Davidson, 9 Koelstra, S., Muehl, C., Soleymani, M., Lee, J.-S., Yazdani, A., Ebrahimi, T, ... Patras, I. (2012). DEAP: A 1034-1043.
because of persistent reCOrdlng artifacts (IaCk of typ|Ca| EEG R.J. (2004). Effects of electrode density and electrolyte spreading in dense array electroencephalographic database for emotion analysis using physiological signals. IEEE Transactions on Affective Computing, 141 Tenke, C.E., & Kayser, J. (2001). A convenient method for detecting electrolyte bridges in multichannel
.o : 0 recording. Clinical Neurophysiology, 115, 710-720. 3(1), 18-31. electroencephalogram and event-related potential recordings. Clinical Neurophysiology, 112, 545-550.
aCtIVIty/amp“tUdeS’ more than 25% of the EEG channels ﬂagged [l Goldberger A.L., Amaral L.A., Glass L., Hausdorff J.M., lvanov P.C., Mark R.G., ... Stanley H.E. (2000). ["TNaeem, M., Brunner, C., Leeb, R., Graimann, B., Pfurtscheller, G. (2006). Seperability of four-class motor
as bad) PhysioBank, PhysioToolkit, and PhysioNet: components of a new research resource for complex imagery data using independent components analysis. Journal of Neural Engineering, 3, 208-216.




