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Preface
This Supplementary Material accompanies the main manuscript. It provides: (S0) expanded search, screening, and classification details; (S1–S4) concise mathematical derivations of the key concepts referenced in the main text; (S5) an expanded survey of inverse solution families classified by computational structure, target domain, source visibility, and sensitivity to electrode count; (S6) claim-level, study-level, and claim-to-reference concordance tables; (S7) extended contextual analyses and figures moved from the main text; and (SG) a glossary of abbreviations and technical terms. Readers seeking full derivations are referred to the primary sources cited in each section.
Notation throughout: M = number of EEG electrodes; N = number of source voxels; L = number of ROIs; T = inverse operator matrix; K = lead field matrix; R = resolution matrix = T·K; Φ = scalp potential vector; J = source current density vector; ε = noise vector; NL = relative noise level. Convention: Sections S1–S2 present the general three-orientation case (K ∈ ℝᴹˣ³ᴿ, J ∈ ℝ³ᴿ). Section S3 adopts the known/fixed source-orientation (scalar) convention (K ∈ ℝᴹˣᴿ, J ∈ ℝᴿ) used in the point-ROI formulation of Biscay et al. (2018); this is the convention implied throughout the main text.
S0. Search strategy, screening, and evidence classification
The review used a structured multi-database search following PRISMA 2020 reporting principles (Page et al. 2021), adapted for a critical narrative review with pre-specified eligibility criteria. The protocol was not pre-registered. Title and abstract screening was performed by the first author (J.B-B.); full-text eligibility decisions were reviewed by a second author (P.V-S.) and discrepancies were resolved by consensus. No formal risk-of-bias tool was applied; instead, a claim-to-reference concordance audit (Supplementary Table S6c) was conducted to flag cases where the evidential weight attributed to a study in the main text appeared inconsistent with the study design, sample size, or reported precision. This audit partially, but not fully, substitutes for a formal quality assessment.
Databases and date. PubMed, Scopus, IEEE Xplore, and Google Scholar were searched on 6 August 2026 for publications from 1980 through August 2026. No language restriction was imposed; retrieved eligible records were in English.
Search blocks. Six thematic blocks were used: (A) EEG source estimation and electrode configuration; (B) spatial resolution, noise ceiling, and leakage; (C) source-level connectivity and resting-state networks; (D) epilepsy and presurgical source imaging; (E) normative qEEG databases and spectral biomarkers; and (F) event-related potentials and evoked responses. Exact PubMed and IEEE Xplore strings are reproduced in Section S0.1; Scopus searches used the same six thematic blocks (A–F) adapted to Scopus query syntax (n = 4,002 records total); Google Scholar used a single concatenated search combining all six blocks (n = 158 records). Exact PubMed (blocks A–F) and IEEE Xplore strings are reproduced verbatim in Section S0.1 below. Scopus searches followed the same six thematic blocks (A–F) using TITLE-ABS-KEY syntax. Google Scholar used a single consolidated query combining all six blocks. Original database export records are available from the corresponding author on request.
S0.1. Exact search strings
The following search strings are reproduced verbatim from the headers of the original database export files used for the review. They are reported without retrospective normalisation so that the search can be reproduced exactly. The number of records exported by each search is given in parentheses.
PubMed — six thematic searches (A–F)
PubMed A. General EEG source estimation and electrode configuration — n = 583 records. Original export: s5-pubmed.txt
( EEG[Title/Abstract] OR electroencephalography[Title/Abstract] OR electroencephalographic[Title/Abstract] ) AND ( "source localization"[Title/Abstract] OR "source localisation"[Title/Abstract] OR "source imaging"[Title/Abstract] OR "electrical source imaging"[Title/Abstract] OR "EEG source imaging"[Title/Abstract] OR "inverse solution"[Title/Abstract] OR "inverse problem"[Title/Abstract] OR LORETA[Title/Abstract] OR sLORETA[Title/Abstract] OR eLORETA[Title/Abstract] OR VARETA[Title/Abstract] OR "minimum norm"[Title/Abstract] OR MNE[Title/Abstract] OR dSPM[Title/Abstract] OR beamformer[Title/Abstract] OR LCMV[Title/Abstract] OR DICS[Title/Abstract] OR MUSIC[Title/Abstract] OR "sparse Bayesian"[Title/Abstract] OR FOCUSS[Title/Abstract] OR "dynamic causal modeling"[Title/Abstract] OR "dynamic causal modelling"[Title/Abstract] OR DCM[Title/Abstract] ) AND ( "electrode density"[Title/Abstract] OR "number of electrodes"[Title/Abstract] OR "electrode number"[Title/Abstract] OR "channel density"[Title/Abstract] OR "number of channels"[Title/Abstract] OR "low density"[Title/Abstract] OR "low-density"[Title/Abstract] OR "high density"[Title/Abstract] OR "high-density"[Title/Abstract] OR "19 electrodes"[Title/Abstract] OR "19-channel"[Title/Abstract] OR "10-20"[Title/Abstract] OR "10–20"[Title/Abstract] OR "10/20"[Title/Abstract] OR "10-10"[Title/Abstract] OR "10–10"[Title/Abstract] OR "10/10"[Title/Abstract] OR "10-5"[Title/Abstract] OR "10–5"[Title/Abstract] OR "10/5"[Title/Abstract] OR montage[Title/Abstract] )
PubMed B. Spatial resolution, noise ceiling, leakage, and source visibility — n = 96 records. Original export: s6-Pubmed.txt
( EEG[Title/Abstract] OR electroencephalography[Title/Abstract] ) AND ( "source localization"[Title/Abstract] OR "source imaging"[Title/Abstract] OR "inverse solution"[Title/Abstract] OR "inverse problem"[Title/Abstract] ) AND ( "spatial resolution"[Title/Abstract] OR "localization error"[Title/Abstract] OR "localisation error"[Title/Abstract] OR "dipole localization error"[Title/Abstract] OR DLE[Title/Abstract] OR "point spread function"[Title/Abstract] OR PSF[Title/Abstract] OR "cross-talk function"[Title/Abstract] OR CTF[Title/Abstract] OR FWHM[Title/Abstract] OR "source leakage"[Title/Abstract] OR "source visibility"[Title/Abstract] OR "measurement noise"[Title/Abstract] OR "signal-to-noise"[Title/Abstract] OR "reconstructable basis vectors"[Title/Abstract] OR "lead field"[Title/Abstract] ) AND ( electrode[Title/Abstract] OR electrodes[Title/Abstract] OR channels[Title/Abstract] OR montage[Title/Abstract] OR "10-20"[Title/Abstract] OR "10/20"[Title/Abstract] )
PubMed C. Source-level connectivity and resting-state networks — n = 497 records. Original export: s7-Pubmed.txt
(
  EEG[Title/Abstract]
  OR electroencephalography[Title/Abstract]
)
AND
(
  "source connectivity"[Title/Abstract]
  OR "source-level connectivity"[Title/Abstract]
  OR "functional connectivity"[Title/Abstract]
  OR "effective connectivity"[Title/Abstract]
  OR "EEG connectivity"[Title/Abstract]
  OR "resting-state network"[Title/Abstract]
  OR "resting state network"[Title/Abstract]
  OR "brain network"[Title/Abstract]
  OR "graph theory"[Title/Abstract]
  OR ICA[Title/Abstract]
  OR "independent component analysis"[Title/Abstract]
)
AND
(
  "electrode density"[Title/Abstract]
  OR "channel density"[Title/Abstract]
  OR "number of electrodes"[Title/Abstract]
  OR "number of channels"[Title/Abstract]
  OR "low-density"[Title/Abstract]
  OR "high-density"[Title/Abstract]
  OR "10-20"[Title/Abstract]
  OR "10/20"[Title/Abstract]
  OR "19 electrodes"[Title/Abstract]
)
PubMed D. Epilepsy and presurgical source imaging — n = 145 records. Original export: s8-Pubmed.txt
(
  EEG[Title/Abstract]
  OR electroencephalography[Title/Abstract]
  OR "electrical source imaging"[Title/Abstract]
  OR ESI[Title/Abstract]
)
AND
(
  epilepsy[Title/Abstract]
  OR epileptic[Title/Abstract]
  OR interictal[Title/Abstract]
  OR ictal[Title/Abstract]
  OR spike[Title/Abstract]
  OR spikes[Title/Abstract]
  OR presurgical[Title/Abstract]
  OR surgery[Title/Abstract]
  OR "seizure onset zone"[Title/Abstract]
  OR SOZ[Title/Abstract]
)
AND
(
  "source localization"[Title/Abstract]
  OR "source localisation"[Title/Abstract]
  OR "source imaging"[Title/Abstract]
  OR "inverse solution"[Title/Abstract]
)
AND
(
  "electrode density"[Title/Abstract]
  OR "number of electrodes"[Title/Abstract]
  OR "low-density"[Title/Abstract]
  OR "high-density"[Title/Abstract]
  OR "10-20"[Title/Abstract]
  OR "10/20"[Title/Abstract]
  OR "19 electrodes"[Title/Abstract]
  OR "64 electrodes"[Title/Abstract]
  OR "128 electrodes"[Title/Abstract]
  OR "256 electrodes"[Title/Abstract]
)
PubMed E. Normative qEEG databases and spectral biomarkers — n = 207 records. Original export: s9-Pubmed.txt
(
  EEG[Title/Abstract]
  OR electroencephalography[Title/Abstract]
  OR qEEG[Title/Abstract]
  OR "quantitative EEG"[Title/Abstract]
)
AND
(
  normative[Title/Abstract]
  OR norms[Title/Abstract]
  OR "normative database"[Title/Abstract]
  OR "developmental equations"[Title/Abstract]
  OR maturation[Title/Abstract]
  OR lifespan[Title/Abstract]
  OR biomarker[Title/Abstract]
  OR biomarkers[Title/Abstract]
  OR "spectral power"[Title/Abstract]
  OR "source spectra"[Title/Abstract]
  OR "source power"[Title/Abstract]
)
AND
(
  "10-20"[Title/Abstract]
  OR "10/20"[Title/Abstract]
  OR "19 electrodes"[Title/Abstract]
  OR LORETA[Title/Abstract]
  OR VARETA[Title/Abstract]
  OR sLORETA[Title/Abstract]
  OR eLORETA[Title/Abstract]
)
PubMed F. Event-related and evoked potentials — n = 448 records. Original export: s10-Pubmed.txt
(
  EEG[Title/Abstract]
  OR electroencephalography[Title/Abstract]
  OR ERP[Title/Abstract]
  OR "event-related potential"[Title/Abstract]
  OR "evoked potential"[Title/Abstract]
  OR P300[Title/Abstract]
  OR MMN[Title/Abstract]
  OR "mismatch negativity"[Title/Abstract]
  OR N1[Title/Abstract]
  OR "steady-state response"[Title/Abstract]
  OR ASSR[Title/Abstract]
)
AND
(
  "source localization"[Title/Abstract]
  OR "source localisation"[Title/Abstract]
  OR "source imaging"[Title/Abstract]
  OR LORETA[Title/Abstract]
  OR sLORETA[Title/Abstract]
  OR eLORETA[Title/Abstract]
  OR "inverse solution"[Title/Abstract]
)
AND
(
  "electrode density"[Title/Abstract]
  OR "number of electrodes"[Title/Abstract]
  OR "low-density"[Title/Abstract]
  OR "high-density"[Title/Abstract]
  OR "10-20"[Title/Abstract]
  OR "10/20"[Title/Abstract]
  OR "19 electrodes"[Title/Abstract]
PubMed total across the six searches: n = 1,976.
IEEE Xplore — three searches
IEEE X1. General source localisation / imaging and electrode density — n = 104 records. Original export: s12-IEEE1.csv
("EEG" OR "electroencephalography")
AND
("source localization" OR "source imaging" OR "inverse problem")
AND
("electrode density" OR "number of electrodes" OR "channel density" OR "low-density" OR "high-density")
IEEE X2. Inverse-method families and electrode/channel configuration — n = 313 records. Original export: s12-IEEE2.csv
("EEG" OR "electroencephalography")
AND
("MNE" OR "minimum norm" OR "beamformer" OR "LCMV" OR "MUSIC" OR "sparse Bayesian" OR "FOCUSS")
AND
("electrodes" OR "channels" OR "montage")
IEEE X3. Connectivity / brain-network analyses and electrode density — n = 20 records. Original export: s12-IEEE3.csv
("EEG" OR "electroencephalography")
AND
("functional connectivity" OR "effective connectivity" OR "brain networks" OR "graph theory")
AND
("electrode density" OR "channel density" OR "number of electrodes")
IEEE Xplore total across the three searches: n = 437.
Scopus and Google Scholar. Six Scopus searches (blocks A–F; n = 4,002 records) used the same thematic structure as the PubMed strings above, adapted to Scopus field-tag syntax (TITLE-ABS-KEY operators and Boolean connectors). One consolidated Google Scholar search concatenated all six thematic blocks into a single query string (n = 158 records). Scopus and Google Scholar strings followed the same thematic structure as described in the paragraph above; original database export records are available from the corresponding author on request.
Table S0.4. Complete reference list for this review. All 131 unique references cited across the main manuscript and/or the Supplementary Material are listed below in alphabetical order. References external to the author group are marked with an asterisk (*); 110 references are external (84%), and 21 belong to the author group. The column “In main / supplement” indicates where each reference appears.
Eligibility. Studies were eligible if they met the following mandatory criterion: peer-reviewed journal article or book chapter containing quantitative information. Records meeting this criterion were then included if they fulfilled at least one topical condition: explicitly compared low- and high-density EEG configurations; applied a distributed or parametric inverse solution or reported quantitative spatial-resolution metrics relevant to low-density EEG; or reported human empirical data or simulation results with clinical relevance to electrode density or source imaging. MEG-only studies, non-peer-reviewed conference/thesis material, source-unrelated EEG classification or artifact studies, and records lacking a density/source-imaging question were excluded.
Classification. Included studies were mapped to the four spatial-validity levels defined in the main text and were additionally labelled by signal type, clinical application, and evidential status (independent versus author-group evidence). Supplementary Section S6 provides the claim-level and study-level evidence tables used for this assessment.
S0.4. References by search origin and category
Table S0.4 lists all 131 references cited in the main text and/or the Supplementary Material, in alphabetical order. Of these, 117 are studies included from the systematic search (1980–2026); 14 are foundational, methodological, or historical references added outside the search scope (4 pre-1980 works and 10 post-1980 algorithm, textbook, or guidance references not specific to EEG electrode density as their primary focus, including the PRISMA 2020 guidance (Page et al. 2021) and a book chapter on eLORETA density effects (Dattola et al. 2020)). References external to the author group are marked with an asterisk (*). The column “In main / supplement” indicates where each reference appears.
	Reference (* = external to author group)
	Cited In

	*Abbas A, Sip V, Jirsa V, Bartolomei F, Despouy E. On the origin of epileptic High Frequency Oscillations in the cortical network. Clin Neurophysiol. 2023;146:201–208. doi:10.1016/j.clinph.2022.12.010.
	Main

	*Ahn H, Prichep L, John ER, Baird H, Trepetin M, Kaye H. Developmental equations reflect brain dysfunctions. Science. 1980;210(4475):1259–1262. doi:10.1126/science.7434027.
	Both

	*Allouch S, Kabbara A, Duprez J, Khalil M, Modolo J, Hassan M. Effect of channel density, inverse solutions and connectivity measures on EEG resting-state networks reconstruction: A simulation study. NeuroImage. 2023;271:120006. doi:10.1016/j.neuroimage.2023.120006.
	Main

	*Alvarez A, Valdes P, Pascual R. EEG developmental equations confirmed for Cuban schoolchildren. Electroencephalogr Clin Neurophysiol. 1987;67(4):330–332. doi:10.1016/0013-4694(87)90119-2.
	Both

	*Anderer P, Pascual-Marqui RD, Semlitsch HV, Saletu B. Differential effects of normal aging on sources of standard N1, target N1 and target P300 auditory event-related brain potentials revealed by low resolution electromagnetic tomography (LORETA). Electroencephalogr Clin Neurophysiol. 1998;108(2):160–174. doi:10.1016/S0168-5597(97)00080-4.
	Main

	*Andersen LM, Jerbi K, Dalal SS (2020) Can EEG and MEG detect signals from the human cerebellum? NeuroImage 215:116817. https://doi.org/10.1016/j.neuroimage.2020.116817
	Supp

	*Attal Y, Schwartz D. Assessment of subcortical source localization using deep brain activity imaging model with minimum norm operators: a MEG study. PLoS One. 2013;8(3):e59856. doi:10.1371/journal.pone.0059856.
	Main

	*Babiloni C, Frisoni GB, Pievani M, Vecchio F, Lizio R, Buttiglione M, et al. Hippocampal volume and cortical sources of EEG alpha rhythms in mild cognitive impairment and Alzheimer disease. NeuroImage. 2009;44(1):123–135. doi:10.1016/j.neuroimage.2008.08.005.
	Main

	*Baccalá LA, Sameshima K. Partial directed coherence: a new concept in neural structure determination. Biol Cybern. 2001;84(6):463–474. doi:10.1007/PL00007990.
	Supp

	*Backus G, Gilbert F (1968) The resolving power of gross Earth data. Geophysical Journal International 16(2):169–205. https://doi.org/10.1111/j.1365-246X.1968.tb00216.x
	Supp

	*Baillet S. Magnetoencephalography for brain electrophysiology and imaging. Nat Neurosci. 2017;20(3):327–339. doi:10.1038/nn.4504.
	Main

	*Baroumand AG, Arbune AA, Strobbe G, Keereman V, Pinborg LH, Fabricius M, et al. Automated ictal EEG source imaging: A retrospective, blinded clinical validation study. Clin Neurophysiol. 2022;141:119–125. doi:10.1016/j.clinph.2021.03.040.
	Main

	*Baroumand AG, van Mierlo P, Strobbe G, Pinborg LH, Fabricius M, Rubboli G, et al. Automated EEG source imaging: A retrospective, blinded clinical validation study. Clin Neurophysiol. 2018;129(11):2403–2410. doi:10.1016/j.clinph.2018.09.015.
	Both

	*Betting LE, Li LM, Lopes-Cendes I, et al. (2010) Correlation between quantitative EEG and MRI in idiopathic generalized epilepsy. Human Brain Mapping 31:1327–1338. https://doi.org/10.1002/hbm.20944
	Supp

	Biscay RJ, Bosch-Bayard JF, Pascual-Marqui RD. Unmixing EEG inverse solutions based on brain segmentation. Front Neurosci. 2018;12:325. doi:10.3389/fnins.2018.00325.
	Both

	*Boersma M, Smit DJ, de Bie HM, Van Baal GC, Boomsma DI, de Geus EJ, et al. Network analysis of resting state EEG in the developing young brain: structure comes with maturation. Hum Brain Mapp. 2011;32(3):413–425. doi:10.1002/hbm.21030.
	Main

	Bosch-Bayard J, Aubert-Vazquez E, Brown ST, Rogers C, Kiar G, Glatard T, et al. A quantitative EEG toolbox for the MNI neuroinformatics ecosystem: Normative SPM of EEG source spectra. Front Neuroinform. 2020;14:33. doi:10.3389/fninf.2020.00033.
	Both

	Bosch-Bayard J, Biscay RJ, Fernandez T, Otero GA, Ricardo-Garcell J, Aubert-Vazquez E, et al. EEG effective connectivity during the first year of life mirrors brain synaptogenesis, myelination, and early right hemisphere predominance. NeuroImage. 2022;252:119035. doi:10.1016/j.neuroimage.2022.119035.
	Both

	Bosch-Bayard J, Galan L, Aubert Vazquez E, Virues Alba T, Valdes-Sosa PA. Resting state healthy EEG: The first wave of the Cuban normative database. Front Neurosci. 2020;14:555119. doi:10.3389/fnins.2020.555119.
	Both

	Bosch-Bayard J, Girini K, Biscay RJ, Valdes-Sosa P, Evans AC, Chiarenza GA. Resting EEG effective connectivity at the sources in developmental dysphonetic dyslexia: Differences with non-specific reading delay. Int J Psychophysiol. 2020;153:135–147. doi:10.1016/j.ijpsycho.2020.04.021.
	Both

	Bosch-Bayard J, Guerrero-Sauzameda J, Bosch-Bayard RI, Pérez-Elvira R, Bosch-Castro A, Sánchez-Rodríguez J, Flores A, Flores K, Resendiz-Flores E, Ferrando A, Ferrando P, Galán-García L, Mushtaq F, Valdes-Sosa P, Chiarenza GA, Biscay RJ, Morales-Chacón L. Back to the Future of qEEG: Lifespan Normative Modeling of Spectral Ratios and Functional Indices with Potential Applications to Therapeutic Monitoring. Brain Topogr. 2026 Jul 31;39(5):87. doi: 10.1007/s10548-026-01240-4. PMID: 42536113; PMCID: PMC13427868.
	Main

	Bosch-Bayard J, Razzaq FA, Lopez-Naranjo C, Wang Y, Li M, Galan-Garcia L, et al. Early protein energy malnutrition impacts life-long developmental trajectories of the sources of EEG rhythmic activity. NeuroImage. 2022;254:119144. doi:10.1016/j.neuroimage.2022.119144.
	Main

	Bosch-Bayard J, Valdés-Sosa P, Virués-Alba T, Aubert-Vázquez E, John ER, Harmony T, et al. 3D statistical parametric mapping of EEG source spectra by means of variable resolution electromagnetic tomography (VARETA). Clin Electroencephalogr. 2001;32(2):47–61. doi:10.1177/155005940103200203.
	Both

	*Brodbeck V, Spinelli L, Lascano AM, Wissmeier M, Vargas MI, Vulliemoz S, et al. Electroencephalographic source imaging: A prospective study of 152 operated epileptic patients. Brain. 2011;134(10):2887–2897. doi:10.1093/brain/awr243.
	Both

	*Brodbeck V, Spinelli L, Lascano AM, et al. (2010) Electrical source imaging for presurgical focus localization in epilepsy patients with normal MRI. Epilepsia 51:583–591. https://doi.org/10.1111/j.1528-1167.2010.02521.x
	Both

	*Cannon RL, Baldwin DR (2012) EEG current source density and the phenomenology of the default network. Clinical EEG and Neuroscience 43:257–267. https://doi.org/10.1177/1550059412449780
	Supp

	*Cannon RL, Baldwin DR, Shaw TL, DiLoreto DJ, Phillips SM, Scruggs AM, et al. Reliability of quantitative EEG (qEEG) measures and LORETA current source density at 30 days. Neurosci Lett. 2012;518(1):27–31. doi:10.1016/j.neulet.2012.04.035.
	Main

	*Céspedes-Villar Y, Martinez-Vargas JD, Castellanos-Dominguez G. Influence of EEG reference choice on EEG source estimation and EEG-fMRI joint analysis. Front Neurosci. 2020;13:1486. doi:10.3389/fnins
	Main

	*Chatrian GE, Lettich E, Nelson PL. Ten percent electrode system for topographic studies of spontaneous and evoked EEG activities. Am J EEG Technol. 1985;25:83–92. doi:10.1080/00029238.1985.11080163.
	Main

	*Congedo M, Lubar JF. Parametric and non-parametric analysis of QEEG: normative database comparisons in electroencephalography, a simulation study on accuracy. J Neurother. 2003;7(3–4):1–29. doi:10.1300/J184v07n03_01.
	Main

	*Dale AM, Liu AK, Fischl BR, Buckner RL, Belliveau JW, Lewine JD, et al. Dynamic statistical parametric mapping: combining fMRI and MEG for high-resolution imaging of cortical activity. Neuron. 2000;26(1):55–67. doi:10.1016/S0896-6273(00)81138-1.
	Both

	*Darvas F, Pantazis D, Kucukaltun-Yildirim E, Leahy RM. Mapping human brain function with MEG and EEG: methods and validation. NeuroImage. 2004;23(Suppl 1)–S299. doi:10.1016/j.neuroimage.2004.07.014.
	Main

	*Dattola S, La Foresta F, Bonanno L, De Salvo S, Mammone N, Marino S, Morabito FC. Effect of Sensor Density on eLORETA Source Localization Accuracy. In: Esposito A, et al., eds. Neural Approaches to Dynamics of Signal Exchanges. Smart Innovation, Systems and Technologies, vol 151. Springer, Singapore; 2020:403–414. doi:10.1007/978-981-13-8950-4_36.
	Main

	*Despotovic I, Charon A, Verhoye M, Pintelon I, Timmermann C, Sticker M, Van Huffel S. MRI segmentation of the human brain: challenges, methods, and applications. Comput Math Methods Med. 2013;2013:13
	Main

	*Ding L, Duan W, Wang Y, Lei X. Test-retest reproducibility comparison in resting and the mental task states: A sensor and source-level EEG spectral analysis. Int J Psychophysiol. 2022;173:20–28. doi:10.1016/j.ijpsycho.2022.01.003.
	Main

	*Folstein MF, Folstein SE, McHugh PR. “Mini-mental state”: A practical method for grading the cognitive state of patients for the clinician. J Psychiatr Res. 1975;12(3):189–198. doi:10.1016/0022-3956(75)90026-6.
	Both

	*Friston KJ, Harrison L, Penny W. Dynamic causal modelling. NeuroImage. 2003;19(4):1273–1302. doi:10.1016/S1053-8119(03)00202-7.
	Both

	García Reyes R, Areces Gonzalez A, Wang Y, Jin Y, Yasir S, Bringas-Vega ML, et al. Lifespan development of EEG alpha and aperiodic component sources is shaped by the connectome and axonal delays. Nat Sci Rev. 2026;13(7). doi:10.1093/nsr/nwag076.
	Both

	*Gnatkovsky V, Pelliccia V, de Curtis M, Tassi L (2018) Two main focal seizure patterns revealed by intracerebral electroencephalographic biomarker analysis. Epilepsia 59:2420–2430. https://doi.org/10.1111/epi.14610
	Supp

	Gonzalez-Moreira E, Paz-Linares D, Martinez-Montes E, Valdés-Hernandez PA, Bosch-Bayard J, Bringas-Vega ML, Valdés-Sosa PA (2018) Functionally informed brain connectivity variable resolution tomographic analysis (BC-VARETA). arXiv:1810.11212 [eess.SP]. https://arxiv.org/abs/1810.11212
	Supp

	*Gorodnitsky IF, Rao BD (1997) Sparse signal reconstruction from limited data using FOCUSS: a re-weighted minimum norm algorithm. IEEE Transactions on Signal Processing 45(3):600–616. https://doi.org/10.1109/78.558475
	Supp

	*Grave de Peralta Menendez R, Gonzalez Andino SL. A critical analysis of linear inverse solutions to the neuroelectromagnetic inverse problem. IEEE Trans Biomed Eng. 1998;45(4):440–448. doi:10.1109/10.664200.
	Both

	*Gross J, Kujala J, Hämäläinen M, Timmermann L, Schnitzler A, Salmelin R. Dynamic imaging of coherent sources: Studying neural interactions in the human brain. Proc Natl Acad Sci USA. 2001;98(2):694–699. doi:10.1073/pnas.98.2.694.
	Both

	*Grova C, Daunizeau J, Lina JM, Bénar CG, Benali H, Gotman J. Evaluation of EEG localization methods using realistic simulations of interictal spikes. NeuroImage. 2006;29(3):734–753. doi:10.1016/j.neuroimage.2005.08.053.
	Main

	*Hämäläinen MS, Ilmoniemi RJ (1994) Interpreting magnetic fields of the brain: minimum norm estimates. Medical and Biological Engineering and Computing 32(1):35–42. https://doi.org/10.1007/BF02512476
	Supp

	*Harmony T, Alvarez A, Pascual R, Ramos A, Marosi E, Díaz de León AE, et al. EEG maturation on children with different economic and psychosocial characteristics. Int J Neurosci. 1988;41(1–2):103–113. doi:10.3109/00207458808985747.
	Both

	*Hassan M, Wendling F. Electroencephalography source connectivity: Aiming for high resolution of brain networks in time and space. IEEE Signal Process Mag. 2018;35(3):81–96. doi:10.1109/MSP.2017.2777518.
	Main

	*Hatlestad-Hall C, Bruña R, Liljeström M, Renvall H, Heuser K, Taubøll E, et al. Reliable evaluation of functional connectivity and graph theory measures in source-level EEG: How many electrodes are enough? Clin Neurophysiol. 2023;150:1–16. doi:10.1016/j.clinph.2023.03.002.
	Both

	*Hauk O, Wakeman DG, Henson R. Comparison of noise-normalized minimum norm estimates for MEG analysis using multiple resolution metrics. NeuroImage. 2011;54(3):1966–1974. doi:10.1016/j.neuroimage.2010.09.053.
	Main

	*Hedrich T, Pellegrino G, Kobayashi E, Lina JM, Grova C. Comparison of the spatial resolution of source imaging techniques in high-density EEG and MEG. NeuroImage. 2017;157:531–544. doi:10.1016/j.neuroimage.2017.06.022.
	Both

	Hernández JL, Valdés P, Biscay R, Virues T, Szava S, Bosch J, et al. A global scale factor in brain topography. Int J Neurosci. 1994;76(3–4):267–278. doi:10.3109/00207459408986009.
	Both

	*Horrillo-Maysonnial A, Avigdor T, Abdallah C, Mansilla D, Thomas J, von Ellenrieder N, et al. Targeted density electrode placement achieves high concordance with traditional high-density EEG for electrical source imaging in epilepsy. Clin Neurophysiol. 2023;156:262–271. doi:10.1016/j.clinph.2023.08.009.
	Both

	*Jasper HH. Report of the committee on methods of clinical examination in electroencephalography. Appendix: The ten-twenty electrode system of the International Federation. Electroencephalogr Clin Neurophysiol. 1958;10:371–375. doi:10.1016/0013-4694(58)90053-1.
	Main
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S1. Mathematical foundations: PSF, CTF, and the resolution matrix
Let the EEG forward model be written as:
  Φ = K · J + ε  (S1)
where Φ ∈ ℝᴹ is the vector of scalp potentials across M electrodes at a given time point, K ∈ ℝᴹˣ³ᴺ is the lead field matrix (N = number of source voxels, 3 orientations each), J ∈ ℝ³ᴺ is the source current density vector, and ε ∈ ℝᴹ is the additive measurement noise.
Any linear inverse solution takes the form:
  Ĵ = T · Φ  (S2)
where T ∈ ℝ³ᴺˣᴹ is the inverse operator. Different inverse methods correspond to different choices of T (e.g., T_MNE = Kᵀ(KKᵀ + αI)⁻¹ for Tikhonov-regularised MNE with regularisation parameter α).
Substituting (S1) into (S2) in the noiseless case:
  Ĵ = T·K·J ≡ R·J  (S3)
where R = T·K ∈ ℝ³ᴺˣ³ᴺ is the resolution matrix. The columns of R are the point spread functions (PSFs) — the estimated source distribution in response to each isolated unit dipole. The rows of R are the cross-talk functions (CTFs) — the contribution of every true source to each estimated source location.
For a perfect inverse solution, R = I (identity). For any regularised linear estimator applied to an underdetermined system, R ≠ I: diagonal elements generally differ from unity (blurring of each source's self-estimate), and off-diagonal elements are generally non-zero (cross-talk between sources).

The DLE for a given source location v is the Euclidean distance from the PSF peak to v:
  DLE(v) = ‖ argmax_w {|R_wv|} − v ‖₂  (S4)
sLORETA and eLORETA are constructed to satisfy DLE(v) = 0 for all v under the assumed forward model — i.e., the PSF peak coincides exactly with the true source location. This property does not guarantee R = I (the PSF can still be broad), nor does it imply CTF = 0 (cross-talk between simultaneously active sources remains non-zero).
S2. Spatial dispersion (SD) and FWHM: formal definitions
The spatial dispersion of the PSF at location v is:
  SD(v) = √[ Σ_w r²_wv · ‖w−v‖² / Σ_w r²_wv ]  (S5)
where r_wv = R_wv is the PSF value at voxel w for a source at v, and ‖w−v‖ is the Euclidean distance from w to v. SD quantifies the RMS spatial spread of the PSF relative to the true source location v, weighted by squared PSF amplitude.
FWHM is defined operationally as the diameter of the region within which the PSF exceeds half its peak value. For a Gaussian-shaped PSF:
Note on FWHM and SD. For a one-dimensional Gaussian profile with standard deviation σ, FWHM = 2√(2·ln 2)·σ ≈ 2.355σ. The spatial-dispersion measure SD defined in Eq. S5 is not in general equivalent to σ: for an isotropic Gaussian PSF in 3-D weighted by r², SD = √(3/2)·σ, giving FWHM ≈ 1.923·SD rather than 2.355·SD. For non-Gaussian or anisotropic PSFs, no universal conversion exists. No numerical conversion between SD and FWHM is therefore assumed in this supplement; both metrics are reported separately from their primary sources (Hedrich et al. 2017; Nguyen-Danse et al. 2021).
S3. Point-ROI, scalar formulation of the unmixing theorem (Biscay et al., 2018)
Scope of this section. This section presents the known/fixed source-orientation formulation in which each ROI has a single scalar amplitude. Under this convention, the lead field matrix reduces to K_C = [k(c₁), …, k(c_L)] ∈ ℝᴹˣᴸ (one column per ROI centroid) and T_C ∈ ℝᴸˣᴹ is the corresponding inverse operator restricted to those L targets, so that Q = T_C K_C ∈ ℝᴸˣᴸ. For unconstrained 3-D source vectors, the analogous bound requires 3L ≤ r (where r = rank(H) ≤ M−1), giving L_max ≈ 6 with 19 electrodes; the full treatment is in Biscay et al. (2018). Let L ROIs be defined with centroids c₁, …, c_L in source space, with L < M (number of electrodes). Let ŝᵢ = Σ_w T_i_w · Φ_w be the linear inverse estimate of source activity at ROI centroid cᵢ, using any linear inverse operator T.
Define the ROI source estimate vector ŝ_ROI = [ŝ₁, …, ŝ_L]ᵀ. The unmixing theorem states that ŝ_ROI = Q · θ, where:
  Q_ij = (T_C · K_C)_ij  =  R_ij  =  PSF(cᵢ, cⱼ)  (S7)
is the L×L matrix of PSF values between ROI centroids, and θ = [θ₁, …, θ_L]ᵀ are the true ROI source activities. If Q is invertible (well-conditioned), the unmixed estimates are:
  θ̂ = Q⁻¹ · ŝ_ROI  (S8)
The solution θ̂ is algebraically exact in the sense that if Q is perfectly known, θ̂ = θ regardless of which linear inverse operator T was used to produce ŝ_ROI. This construction is independent of the particular linear inverse family used to produce ś_ROI, provided that Q = T_C K_C has full rank (rank(Q) = L) and that the adopted ROI source model, the forward model, and the absence of measurement noise all hold. The unmixing step is therefore method-agnostic within those conditions.
Practical conditions for validity: (i) L < M; (ii) Q must be nonsingular (rank(Q) = L); its condition number κ(Q) = σ_max/σ_min should be reported as a measure of numerical stability — acceptable values depend on measurement noise and forward-model error (simulations in Biscay et al. 2018 yielded values 2.99–47.94); (iii) the L ROI columns of R are sufficiently linearly independent; (iv) sources outside the ROI set are negligible or have been projected away; (v) the forward model is accurate. Violations of these conditions introduce residual mixing that Q⁻¹ cannot remove.
S3b. Conditions and limitations of the unmixing approach
The unmixing result of Biscay et al. (2018) is mathematically rigorous, but its practical application depends on conditions that must be verified explicitly. Readers should not interpret 'exact solution' as a claim of anatomical precision in all circumstances: ‘Exact’ refers to the algebraic inversion of a well-conditioned linear system under model assumptions, not to anatomical precision in all circumstances.
First, L < M = 19. Each ROI is represented by a single point source, or a user-defined brain segmentation; if a nominally single ROI contains two simultaneously active sub-regions, residual mixing remains. Second, ROIs must be sufficiently well-separated for Q to be well-conditioned. Condition numbers of Q in validation simulations ranged from 2.99 to 47.94; values above ~20 require caution in noisy conditions. Third, errors in the lead field (skull conductivity, template vs. individual MRI, co-registration) propagate into the resolution matrix and degrade unmixing. Valdés-Hernández et al. (2009) showed that anatomical correspondence errors exceed the contribution of electrode count for most source locations. Fourth, sources outside the predefined ROI set appear as contamination in unmixed estimates. Fifth, reference and rank management must be respected (M−1 degrees of freedom for average reference).
A further consideration is parcellation dependence: the ROI framework suppresses intra-regional heterogeneity. If a nominally homogeneous ROI contains two functionally distinct sub-regions, the unmixed signal reflects their weighted average. Connectivity estimates between ROIs are therefore biased toward the parcellation scale, not the sub-ROI level — a general property of any ROI-based analysis, not specific to unmixing. The choice of parcellation must be reported explicitly and justified neurobiologically. None of these limitations negates the practical value of the approach; the clinical studies in Sections 5.4 and 5.5 demonstrate neurobiologically coherent results with realistic head models. The point is that conditions of validity must be explicitly verified, and results interpreted at the granularity supported by the ROI definition and model quality.
With 19 electrodes and known/fixed source orientation (scalar amplitudes per ROI), up to L_max = M−1 = 18 scalar ROI time series can be recovered with substantially reduced leakage, sufficient to cover the five major cortical lobes or canonical large-scale networks. For unconstrained 3-D source vectors the corresponding bound is L_max = (M−1)/3 ≈ 6 (because each vector ROI consumes three degrees of freedom). The construction is independent of which linear inverse method is used as the starting point; the unmixing step is applied post-hoc to any linear estimate with rank(Q) = L. Sensor rank sets an upper bound on the number of independently recoverable ROI parameters. Within that bound, practical recovery quality still depends on montage geometry, forward-model accuracy, source configuration, measurement noise, and the conditioning of Q.
[image: ]
Figure S1. The unmixing theorem: algebraically exact source recovery under idealised conditions. Under the scalar/fixed-orientation ROI source model, provided Q is full-rank and well conditioned, the forward model is correct, measurement noise is absent, and no sources exist outside the modelled ROI set, any linear inverse can be post-processed to yield exact ROI time series (Biscay, Bosch-Bayard & Pascual-Marqui, 2018). The L ≤ M−1 condition is necessary but not sufficient; Q invertibility and conditioning are additionally required.
Under idealised conditions (scalar/fixed-orientation ROI model, full-rank and well-conditioned Q matrix, correct forward model, no measurement noise, no sources outside the modelled ROI set), the unmixing procedure of Biscay et al. (2018) transforms any linear EEG inverse solution into algebraically exact source estimates with substantially reduced inter-ROI leakage. The condition L < M is necessary for algebraic identifiability but not sufficient: with 19 electrodes up to M−1 = 18 scalar ROI time series are recoverable in principle, but practical recovery depends critically on Q conditioning and forward-model accuracy. In real data, these conditions hold only approximately, and "substantially reduced leakage" is the appropriate expectation rather than exact leakage-free recovery.
Step 1: Scalp EEG (M = 19 electrodes, 10-20 system). Step 2: A linear inverse solution is applied, producing a mixed source estimate. Step 3: The unmixing step solves the linear system Q·θ = ŝ_ROI to yield L source time series with substantially reduced leakage — algebraically determinate and independent of the inverse method, provided Q is well-conditioned. Step 4: Connectivity analyses (iCoh, PLV, DTF, PDC) are applied. Critical caveat: the algebraic properties hold under the model assumptions (sphere forward model, idealised conductivity, exact co-registration). In realistic BEM/FEM settings with co-registration errors, the numerical stability of Q and the quality of the unmixed estimates will vary. Condition numbers of Q in simulations: 2.99–47.94; values above ~20 should be treated with caution when noise is present. Figure produced for this review; mathematical foundation: Biscay et al. (2018). Front. Neurosci. 12:325.
S4. Noise ceiling and recoverable basis vectors (RBVs)
Following Ryynänen et al. (2004), the forward transfer matrix H is decomposed via SVD: H = U·Σ·Vᵀ, where U ∈ ℝᴹˣᴹ, Σ = diag(σ₁, …, σ_M), V ∈ ℝᴺˣᴹ.
The number of RBVs is defined as the number of singular values σᵢ that exceed the noise floor:
  RBV(NL) = #{σᵢ : σᵢ > NL · σ_max}  (S9)
where NL is the relative noise level, and σ_max is the largest singular value. RBV(NL) directly limits the number of independent spatial modes of source activity that can be reliably reconstructed from M electrodes at noise level NL.
The spatial resolution advantage of a higher-density array over a sparse array is quantified by ΔRBV = RBV_dense(NL) − RBV_sparse(NL). As NL increases, ΔRBV shrinks: in typical clinical conditions (NL ≈ 0.05–0.125), ΔRBV between 19 and 64 electrodes is approximately 20–25 RBVs — real but substantially smaller than the noiseless difference of ~45.

S5. Survey of inverse solution families (after Knösche & Haueisen, 2022)
The following table provides a structured overview of the principal families of EEG/MEG inverse solutions, classified by computational structure, target domain, and key properties relevant to the 10-20 electrode count debate. For full mathematical derivations, readers are referred to Knösche & Haueisen (2022).


Table S5. Expanded taxonomy of EEG inverse-solution families: computational structure, target domain, spatial performance, source-visibility dependence, sensitivity to electrode density, and key references. This table was moved from the main manuscript to keep the central argument concise.
	Method family (examples) [Steps]
	Target domain
	Blurring / DLE
	Source visibility dependence
	Sensitivity to electrode count (19→64)
	Key references

	Minimum norm (MNE, dSPM) [1]
	Time series
	High blurring; DLE > 0 (depth bias). dSPM normalises variance but not peak location.
	HIGH. Deep/closed-field sources are severely underestimated. Depth weighting required.
	HIGH. SD for low-density (19-el) configurations is not directly reported in the benchmarking literature; Hedrich et al. (2017) report SD ≈ 35–40 mm for hdEEG (≥120 ch). Largest density advantage of all families at low NL.
	Hedrich et al. (2017); Hämäläinen & Ilmoniemi (1994)

	sLORETA / eLORETA [1]
	Time series
	DLE = 0. Blurring: sLORETA SD ~45–50 mm, eLORETA SD ~20 mm (19-el).
	MODERATE. Standardisation corrects depth bias; closed-field sources (thalamus, striatum) remain poorly visible. CTF ≠ 0.
	MODERATE. eLORETA SD ≈20 mm at 19 electrodes; accuracy improves monotonically with density (18→64→173 ch; Dattola et al. 2020); some sources detectable only at higher density. DLE = 0 at all densities. Clinical noise ceiling limits practical gain.
	Pascual-Marqui (2002, 2007); Hedrich et al. (2017); Nguyen-Danse et al. (2021)

	LORETA / VARETA [1]
	Time series + spectral
	DLE > 0 (centroid bias). 
	MODERATE. Spatially varying regularisation in VARETA adapts to local SNR. Normative SPMs validated at 19-el (CHBMP, CUBAN databases).
	MODERATE. Data-driven hyperpar. selection partially compensates for sparse arrays. Validated clinically at 19-el for normative databases.
	Bosch-Bayard et al. (2001); Trujillo-Barreto et al. (2004)

	BC-VARETA [Nonlinear (iterative)]
	Frequency domain (cross-spectrum + connectivity)
	Super-resolution via sparse Hermitian graphical model; DLE not directly applicable (output: source PSD + connectivity)
	LOW–MODERATE. Operates on cross-spectral matrix; connectivity priors compensate for low sensor density
	LOW–MODERATE. Cross-spectral matrix fitting is less sensitive to high-spatial-frequency information lost with sparse arrays; applied/demonstrated at 19-el (CHBMP)
	Paz-Linares et al. (2021); Gonzalez-Moreira et al. (arXiv:1810.11212); 

	Sparse Bayesian learning (ENET-SSBL, ELASSO-SSBL) [1 (iter.)]
	Time series (sparse)
	Low blurring for focal sources. DLE: ELASSO-SSBL ~1.5 vx, LORETA ~4.7 vx (120-el, SNR 6 dB; Paz-Linares et al., 2017).
	LOW–MODERATE for focal sources. Sparsity prior invalid for diffuse resting-state EEG bands. Empirical Bayes learning robust across SNR levels.
	LOW for focal activations. Hyperpar. learning tracks source sparsity independent of electrode count. Not validated at 19-el; simulations used 120-el.
	Paz-Linares et al. (2017); Vega-Hernández et al. (2008)

	Beamformers (LCMV, DICS, SAM) [1]
	Time series / Power
	Low blurring for focal isolated sources; DLE < 5 mm. Biased/suppressed for correlated or extended sources.
	HIGH for correlated sources (suppressed). Requires sufficient spatial diversity for spatial filter inversion.
	HIGH. Covariance matrix ill-conditioned at 19-el for >2–3 simultaneous sources. Strong density dependence; not recommended at 19-el.
	Van Veen et al. (1997); Knösche & Haueisen (2022)

	STTONNICA (component tomography) [1]

	Spatio-temporal atoms (components)
	Low blurring; non-overlapping patches by construction. No depth weighting needed; equal recovery of deep and superficial sources.
	LOW. Non-negativity + orthogonality reduce underdetermination; K guides separation in source space. Visibility IQR ~0.7–1.0 vs. ~0.1–0.3 for LORETA/ENET (32-el, SNR 14 dB).
	LOW (theoretical). Lead field K is embedded in the objective; separation in source space is independent of scalp topographic overlap. Not tested at 19-el; validation warranted.
	Valdés-Sosa et al. (2009)

	Cross-spectral / generative (ξ−αNET, DCM) [Non-linear]
	Cross-spectrum / connectivity parameters
	DLE not applicable (output = connectivity model, not voxel time series). Resolution bounded by structural prior.
	LOW. Structural connectome prior encodes anatomical constraints beyond scalp data; subcortical closed-field generators accessible via connectivity model.
	LOW. Fits cross-spectral matrix (aggregated spectral fingerprint), insensitive to high-spatial-frequency information lost with sparse arrays. ξ−αNET demonstrated at 19-el (HarMNqEEG; García Reyes et al., 2026); results are hypothesis-generating and not yet independently replicated.
	García Reyes et al. (2026); Friston et al. (2003)

	ROI unmixing (Biscay et al., 2018) [Post-hoc]
	ROI time series
	DLE = 0 inherited from base inverse (e.g., eLORETA). Blurring reduced to inter-ROI level; algebraically exact if Q is well-conditioned.
	LOW (at ROI level). Requires L < M = 19 and well-conditioned Q. Sources with weak or effectively closed-field geometry (e.g., thalamic or striatal generators) remain problematic.
	LOW (if L < 19). Algebraic solution: once Q is invertible, the result is independent of base PSF width. Demonstrated under stated algebraic and simulation conditions for ≤18 scalar ROIs; independent clinical validation remains limited.
	Biscay et al. (2018); see Section 4.6 of the main text and Supplementary S3

	Sparse/ parametric (DF, RAP-MUSIC, MxNE) [1-2]
	Time series (sparse/ focal)
	Low DLE for sparse activations (DF/RAP-MUSIC PLE ~22 mm at baseline with 256-el; improves with density). Invalid for distributed activity.
	LOW for focal sources. Constrained dimensionality → robust to electrode loss (Qin et al., 2026)
	MODERATE. Superior for focal sources; gains with density but low baseline sensitivity. Not applicable for distributed resting-state analysis.
	Mosher & Leahy (1999); Paz-Linares et al. (2017); Qin et al. (2026)

	Notes. Steps: 1 = single-step inversion; Post-hoc = applied after any linear inverse; Nonlinear = iterative parameter estimation. Sensitivity was rated qualitatively for the 19–64 electrode range. DLE = dipole localisation error; SD = spatial dispersion; FWHM = full-width at half-maximum; NL = relative noise level; vx = cortical mesh vertices; CTF = cross-talk function; K = lead field matrix; Q = PSF inter-ROI matrix. Numerical estimates: Hedrich et al. (2017) for MNE/sLORETA/eLORETA SD and FWHM; Nguyen-Danse et al. (2021) for eLORETA 19-el; Valdés-Sosa et al. (2009) for STTONNICA visibility scores; Paz-Linares et al. (2017) for ENET-SSBL/ELASSO-SSBL DLE; Biscay et al. (2018) for unmixing Q condition numbers.





S5b. Detailed description of inverse solution families
The following descriptions expand on Table S5 above, providing the rationale for the three structural distinctions discussed in Section 4.3 of the main text.
Computational structure. Single-step methods (MNE, sLORETA, eLORETA, LORETA, LCMV beamformers, dipole fitting) estimate source activity directly from scalp data in one regularised inversion. Two-step methods (VARETA; Bosch-Bayard et al. 2001) perform a first-stage hyperparameter selection via Bayesian model comparison or averaging, then a second-stage MAP inversion — reducing sensitivity to regularisation choice at the cost of greater computational demand. BC-VARETA (Brain Connectivity Variable Resolution Tomographic Analysis; Paz-Linares et al. 2021) is a distinct, nonlinear iterative method that operates in the frequency domain to estimate source cross-spectra and connectivity directly; it does not follow the two-step BMA + MAP structure. STTONNICA (Spatio-Temporal TOmographic Nonnegative Independent Component Analysis; Valdés-Sosa et al., 2009) is a simultaneous single-objective component tomography: it minimises ‖V − KMG‖² + f(M) jointly over source spatial signatures M and temporal signatures G, with the lead field K embedded directly in the fitting criterion. Non-negativity (M ≥ 0), column-orthogonality (MᵀM = I), sparsity, and a Laplacian roughness penalty on M together guarantee uniqueness and produce non-overlapping cortical activation patches equivalent to k-means clustering in source space. Because separation occurs in source space rather than scalp space, STTONNICA requires no depth weighting and recovers superficial and deep sources equally in simulations (visibility IQR ~0.7–1.0 vs ~0.1–0.3 for LORETA/ENET at SNR 14 dB; 32 electrodes). Its application to 19-electrode data is theoretically motivated but has not yet been reported.
Target domain. Most distributed inverse methods reconstruct cortical source time series, evaluated on PSF/CTF metrics and localisation bias. Cross-spectral/generative methods (ξ−αNET, DCM) instead reconstruct the cross-spectral density matrix or connectivity parameters of a biophysical model. Because they operate on aggregated spectral fingerprints rather than instantaneous spatial patterns, they are less sensitive to the high-spatial-frequency information lost with sparse arrays — a key advantage for 19-electrode applications.
Post-processing and sparsity. Iteratively reweighted MNE (IRWMN/FOCUSS), sparse Bayesian learning (SBL, Champagne), MUSIC, and RAP-MUSIC apply additional constraints after initial inversion to sharpen source estimates for focal activations. For genuinely sparse sources (few simultaneous focal generators), these methods can achieve sub-Nyquist spatial resolution even from sparse arrays. The limitation is that sparsity priors are invalid for the broad distributed activity characteristic of resting-state EEG oscillations.
Source visibility. A source is visible to an array if its scalp topography is distinctive and above the noise floor. Visibility depends on: (i) source depth and geometry (open-field, e.g. hippocampus, is more visible than closed-field, e.g. thalamus/striatum); (ii) source amplitude and temporal coherence; (iii) measurement noise; and (iv) forward model accuracy. Vega-Hernández et al. (2008) formalised this in a penalised least squares framework, showing that: (1) effective resolution depends on the joint eigenvalue structure of leadfield and regularisation operator, not electrode count alone; (2) L1-penalised methods recover focal sources with fewer spatial degrees of freedom than L2-penalised methods, at the cost of underestimating distributed activity; and (3) the optimal regularisation strategy depends on assumed source geometry, which interacts with the 10-20 coverage layout. Restricting the source space to regions with adequate scalp projections optimises performance for a given electrode count.

S6. Clinical evidence for 19-electrode EEG source estimation: application, method, gold standard, and assessment


S6a. Claim-level evidence grading
The following table separates independent evidence from author-group evidence for the principal claims made in the review. Claims supported mainly by the authors’ methodological lineage should be interpreted as provisional pending independent replication.
Table S6a. Evidence base by claim: independent versus author-group contributions. Claims supported mainly by author-group evidence should be interpreted as provisional pending external replication.
	Claim
	Evidence type
	Independent evidence
	Author-group evidence
	Evidential status
	Conclusion allowed

	Spectral biomarkers (Level 1 — Scalp/Sensor): 19-electrode qEEG yields valid cross-cultural normative distributions
	Observational/ normative
	Ahn et al. (1980): normative equations generalised to children from a different cultural context (cross-cultural replication in 1 independent sample)
	CHBMP norms (Bosch-Bayard et al. 2001, 2020a, 2020b); HarMNqEEG (Li et al. 2022); Alvarez et al. 1987; Harmony et al. 1988
	Well supported; convergent evidence across independent and author-group lines
	19-electrode qEEG yields valid cross-cultural spectral biomarkers under appropriate batch correction

	Lobar source power (Level 2 — Lobar): LORETA-family methods can support lobar-scale inference with 19 electrodes under appropriate conditions
	Simulation/ theoretical
	Pascual-Marqui (2002, 2007): DLE=0 for sLORETA/eLORETA by construction; Song et al. (2015) and Dattola et al. (2020): localisation accuracy improves with density; Nguyen-Danse et al. (2021): direct low-vs-high-density comparison under method-dependent conditions; Hedrich et al. (2017): hdEEG resolution benchmark only
	Trujillo-Barreto et al. (2004): cLORETA/BMA density comparison; Bosch-Bayard et al. (2001): VARETA normative source analysis
	Mixed-to-moderate. Zero DLE is a mathematical peak-location property; available spread estimates are method- and metric-specific, and direct matched-density tests of lobar source-power fidelity remain limited.
	S10-20 can support lobar-scale inference under appropriate conditions, but equivalence to HD-EEG has not been established. The principal unresolved gap is CTF-mediated contamination of lobar power estimates from adjacent generators; matched S10-20-vs-64-channel lobar-power comparisons would directly test this claim.

	Sub-lobar ROI connectivity (Level 3 — Sub-lobar): iCoh, PLV, and related measures are recoverable with 19 electrodes
	Simulation + clinical
	Nguyen-Danse et al. (2021): direct 19-vs-128 channel comparison; reduced reliability at 19 channels; conditional feasibility retained, particularly with adaptive beamforming (not sLORETA); Hatlestad-Hall et al. (2023): reliability degrades for graph measures
	Bosch-Bayard et al. (2020, 2022): dyslexia, infant connectivity; unmixing theorem (Biscay et al. 2018)
	Mixed: connectivity feasible under leakage correction; ICA/RSN decomposition requires higher density (Liu et al. 2018)
	Feasible for ROI-pair connectivity; blind network decomposition (ICA) requires higher density

	Unmixing theorem: L < M ROIs are algebraically separable from M=19 electrodes
	Mathematical/ theoretical
	None yet published outside author group
	Biscay et al. (2018); Bosch-Bayard et al. (2001); applied in dyslexia (2020) and infant (2022) studies
	Mathematically valid under stated assumptions; clinical validation limited to author-group studies
	Treat as promising theoretical contribution; independent clinical replication needed

	ξ−αNET: PSF metrics with 19 electrodes within hdEEG reference range (Supplementary Fig. S3)
	Simulation (author group)
	None published
	García Reyes et al. (2026), co-authored with present authors
	Hypothesis-generating; not independently replicated; evidence is from author group only
	Promising preliminary finding; conclusions should not rest on this evidence alone

	Focal presurgical localisation (Level 4 — Dipolar/Focal): low-density ESI (19–32 electrodes) supports lobar concordance and adds clinical value; targeted density augmentation achieves sub-lobar precision
	Clinical observational; multicentre validation
	Sperli et al. (2006): 90% lobar concordance, 19–29 electrodes, n=30 paediatric; Lantz et al. (2003); Sohrabpour et al. (2015); Thurairajah et al. (2021); Park et al. (2015): 96.3% lobar concordance, 70-electrode 10–10, n=27; Brodbeck et al. (2010): 80% correct in MRI-negative epilepsy, 19–256 electrodes; Baroumand et al. (2018): 78% accuracy, 25-electrode IFCN, automated, n=41; Stirling et al. (2023): multicentre, 25-electrode IFCN, changed clinical decision in 35% of cases; Saillet et al. (2020): added value over MRI+semiology; Horrillo-Maysonnial et al. (2023): targeted density (25+8–11 electrodes) -> 93% sublobar concordance;  Vorderwülbecke et al. (2021): within-dataset comparison 25–257 ch, insular zone, comparable accuracy; Rong et al. (2025): DL-ESI robust to electrode density variation; Santalucia et al. (2026): IIC+IC LD-ESI in children <7 yr, 66%/72%/75% concordance (interictal/ictal/combined); Sadeghzadeh et al. (2024): 75% lobar, < 25 electrodes, paediatric;  Staljanssens et al. (2017): EEG source connectivity localises the seizure onset zone in drug-resistant epilepsy
	None (author-group contributions limited to Level 3 connectivity: Bosch-Bayard et al. 2020, 2022)
	Well supported at lobar level by multiple independent groups across ages and epilepsy syndromes. Sub-lobar precision requires targeted density augmentation (Horrillo-Maysonnial 2023) or HD-EEG. DL-based methods (Rong et al. 2025) partially mitigate density requirements. Systematic head-to-head comparison (LD vs HD in matched samples) remains lacking.
	19–25 electrodes sufficient for lobar concordance and clinical added value in epilepsy presurgical workup; NOT sufficient for routine sub-lobar planning as standalone; targeted density (8–11 additional electrodes over suspected zone) achieves sub-lobar precision; full HD array justified for anatomically challenging zones

	Measurement noise ceiling: high-density advantage diminishes at NL ≥ 0.1
	Theoretical/simulation
	Ryynänen et al. (2004): independent group; spherical model
	None
	Independent simulation evidence; spherical model only; authors recommend ≥64 electrodes for clinical use
	Noise ceiling is real but does not support 19-electrode equivalence for spatially demanding tasks






Table S6b. Clinical evidence for low-density EEG source estimation: application, sample, method/electrode count, head model, gold standard, and assessment.
	Application (reference)
	Sample
	Inverse method /
N electrodes
	Head model
	Gold standard
	Assessment and limitations

	Epilepsy: lobar localisation (Sperli 2006)
Level 2–3
	n=30 paed.
	ESI (19–29 el.)
	Sphere
	Surgical outcome, histology
	90% lobar concordance; adequate for lobar-level presurgical screening. Insufficient for sub-lobar precision (Level 4).

	Epilepsy: electrode density effect (Lantz 2003)
Level 2–4
	n=14 adults
	LAURA (31–123 el.)
	Realistic BEM
	Resection zone
	Diminishing returns: largest gain 30→64 el. Sub-lobar precision requires ≥64 el. with realistic BEM.

	Epilepsy: density in paediatrics (Sohrabpour 2015)
Level 2–4
	n=5 paed.
	sLORETA (32–128 el.)
	Individual BEM
	Resection + ECoG SOZ
	Plateau at 64–96 el. 32 el. achieves 90% lobar concordance; sublobar precision needs higher density.

	Dementia: cortical source correlates (Babiloni)
Level 1–2
	Multi-cohort
	LORETA (19 el.)
	Sphere /template
	MRI volume, MMSE
	Significant source-level correlations with hippocampal volume and cognition at lobar scale. Source-level, not focal.

	Dementia: amyloid prediction (Park 2023)
Level 1
	n=approx 100
	Spectral features (19 el.)
	None (sensor level)
	Amyloid PET
	90.9% sensitivity for amyloid pathology. Biomarker, not source imaging; electrode count not the limiting factor.

	Test-retest reliability (Cannon 2012)
Level 2
	n=108, 2 sessions
	sLORETA (19 el.)
	Template
	ICC across sessions
	High test-retest reliability for lobar source power. Supports use in longitudinal studies.

	Effective connectivity: dyslexia (Bosch-Bayard 2020)
Level 3
	n=227 paed.
	VARETA + iCoh (19 el.)
	MNI template
	Clinical diagnosis
	Exploratory/proof-of-concept: neurobiologically coherent hub differences obtained. No direct validation against ground truth (ECoG, fMRI, or HD-EEG) in equivalent sample. Results consistent with Level 3 feasibility, but do not constitute validation.

	Connectivity maturation: infants (Bosch-Bayard 2022)
Level 3
	n=125 infants
	sLORETA + unmixing + iCoh (19 el.)
	Template sphere
	Histological myelination sequence
	Exploratory/proof-of-concept: connectivity sequence tracks known myelination order. Neurobiological plausibility high. No direct validation against fMRI, DTI, or HD-EEG in an equivalent normative infant sample. Results consistent with Level 3 feasibility but require independent replication.

	RSN detection by sICA (Liu 2018)
Level 4
	32–256 el.
	eLORETA/sLORETA
	FEM/BEM
	fMRI RSN templates
	Electrode density matters significantly for whole-brain RSN decomposition; DMN requires ≥64 el. Somatomotor networks recoverable with sparse arrays.

	Presurgical focal epilepsy (Brodbeck 2011)
Level 4
	n=152 adults/paed.
	HD-ESI (126–256 el.)
	Individual MRI
	Surgical outcome
	84%/88% sensitivity/specificity with 128–256 el. + individual MRI. Performance drops substantially with <32 el. High density is clearly indicated for this application.

	Epilepsy: lobar concordance, 70-el (Park et al. 2015)
Level 4
	n=27 adults
	ESI dipole MUSIC / 70 el. (10–10)
	Individual BEM
	Presurgical eval + ECoG
	96.3% lobar concordance; 88.9% sublobar vs ECoG. N° electrodes (30–128) does not affect lobar rate. Independent validation of LD-ESI clinical utility.

	Epilepsy: MRI-negative, low density (Brodbeck et al. 2010)
Level 4
	n=10 adults
	LAURA / 19–256 el.
	Realistic BEM
	Resection margins + outcome
	80% correct in MRI-negative epilepsy; 9/10 favourable outcomes. 19-el. missed 1 interhemispheric focus (anatomical limitation). Feasibility of LD-ESI in MRI-negative epilepsy established.

	Epilepsy: automated LD-ESI multicentre (Baroumand et al. 2018)
Level 4
	n=41, blinded multicentre
	sLORETA / 25 el. IFCN
	Individual FEM (6-tissue)
	Resection zone + 1-yr outcome
	61% fully automated, 78% semi-automated accuracy. Comparable to MRI (55%), PET (33%), SPECT (40%) in same cohort. Clinical utility and added value of 25-electrode automated ESI demonstrated; equivalence to HD-EEG was not tested.

	Epilepsy: insular zone ESI, density comparison (Vorderwülbecke et al. 2021)
Level 4
	NR adults
	Automated ESI / 257ch HD (retrospectively downsampled to 204, 40, 25 ch)
	Individual
	Simultaneous SEEG
	257-ch HD-EEG acquired and retrospectively downsampled to 204, 40 and 25 channels. Accuracy for insular irritative zone localisation (concordance with SEEG) was comparable across all density configurations; differences were not statistically significant. Within-dataset density comparison concordant with main text claim of 25–257 electrode accuracy equivalence.

	Epilepsy: added value over MRI+semiology (Saillet et al. 2020)
Level 4
	NR adults
	ESI / 25 el. IFCN
	Individual
	MRI+semiology vs ESI+MRI
	ESI adds diagnostic value beyond standard MRI+semiology workup with 25-electrode array. Supports clinical integration of LD-ESI.

	Epilepsy: multicentre clinical added value (Stirling et al. 2023)
Level 4
	n=29 consecutive
	Automated ESI / 25 el. IFCN
	Individual
	Clinical decision change
	Changed presurgical decision in 35% of cases across centres. First multicentre value-added study with standard 25-el. IFCN montage. MRI-negative subgroup included.

	Epilepsy: targeted density, sublobar precision (Horrillo-Maysonnial et al. 2023)
Level 4
	NR adults
	ESI / 25 + 8–11 targeted el.
	Individual
	HD-EEG concordance
	93% sublobar concordance with HD-EEG; median distance 13.2 mm. 8–11 zone-specific additional electrodes achieve sublobar precision without full HD upgrade.

	Epilepsy: paediatric ictal LD-ESI (Sadeghzadeh et al. 2024)
Level 4
	n=12 paediatric
	Ictal ESI / <25 el.
	Individual
	iEEG concordance
	75% lobar concordance with iEEG for ictal onset zone in paediatric patients with fewer than 25 electrodes.

	Epilepsy: ictal LD-ESI in surgery (Thurairajah et al. 2021)
Level 4
	NR paediatric
	LD ictal ESI / <32 el.
	Individual
	Surgical outcome
	LD ictal ESI concordant with surgical resection outcome. Level 4 evidence for ictal LD-ESI in paediatric epilepsy surgery.

	Epilepsy: children <7 yr IIC+IC ESI (Santalucia et al. 2026)
Level 4
	n=32 children, surgery <7 yr
	IIC + IC ESI / ≤25 el.
	Realistic neonatal
	iEEG lobar concordance
	66% interictal, 72% ictal, 75% combined lobar concordance with iEEG in children undergoing surgery before 7 years of age (n=32). First systematic LD combined interictal+ictal ESI study in young children.

	Epilepsy: DL-ESI DL-ESI robust to electrode density variation (Rong et al. 2025)
Level 4
	NR adults
	Deep-learning CNN / variable density incl. 25 el.
	Individual
	Resection margins
	DL-ESI robust under electrode configuration variation including 25-el. standard montage. Partially mitigates density requirements.

	Epilepsy: iEEG ictal pattern taxonomy (Gnatkovsky et al. 2018)
Level 4 (iEEG reference)
	n=105 adults
	SEEG / intracranial EEG
	N/A (intracranial)
	Pattern classification
	P-type neocortex (69.5%) and L-type mesial temporal (40.9%) ictal patterns. Gold-standard iEEG reference taxonomy for benchmarking scalp ictal ESI.

	Generalised epilepsy: qEEG source vs MRI (Betting et al. 2010)
Level 1–2
	n=22 adults
	qEEG source / 19 el.
	Sphere/template
	VBM + ROI morphometry (structural MRI)
	qEEG focal discharge sources co-localise with grey matter abnormalities on MRI. Level 1–2 evidence that standard-density EEG source imaging captures structural correlates in generalised epilepsy.

	Resting-state: LD-EEG CSD and DMN (Cannon & Baldwin 2012)
Level 2
	n=63 healthy adults
	Current source density / LD-EEG
	None (sensor level)
	fMRI DMN regions
	LD-EEG CSD maps correspond to fMRI-identified DMN regions in 8 conditions. Supports LD source analysis for resting-state network characterisation.

	Dyslexia: P50 ERP source localisation (Stoitsis et al. 2008)
Level 3–4
	n=38 dyslexic + 19 controls
	RAP-MUSIC dipole / standard montage
	Sphere
	Healthy sibling controls
	P50 source at BA31 (posterior cingulate) discriminates dyslexia from controls. Independent evidence that standard EEG dipole modelling reveals neurophysiologically interpretable source differences in developmental reading disorders.


ESI: electrical source imaging. BEM: boundary element method. iCoh: isolated effective coherence. sLORETA: standardised low-resolution electromagnetic tomography. ROI: region of interest. MCI: mild cognitive impairment. ILAE: International League Against Epilepsy outcome scale.


Supplementary Table S6c. Claim-to-reference concordance audit for key evidence
Rating: ✅ Supports = the cited study directly supports the claim at the scope stated; ⚠️ Partially supports = the study is relevant but supports a narrower or conditional version of the claim; ❌ Does not support = the source does not establish the claim as currently worded, or provides evidence in the opposite direction.
	Reference
	Final claim/use in the manuscript
	What the source establishes
	Concordance
	Interpretive implication

	Pascual-Marqui 2002, 2007
	sLORETA/eLORETA have zero localization bias (DLE=0) under the assumed forward model, independently of sensor count.
	The mathematical result is real: exact zero-error localization of the PSF peak for point-test sources under the model assumptions; it does not imply narrow PSF, zero CTF, or clinical anatomical accuracy. 
	✅ Supports
	Zero DLE is a property of the PSF peak under the assumed forward model; it does not imply adequate spatial resolution for distinguishing nearby sources or for clinical localisation.

	Hauk et al. 2011
	DLE alone is insufficient; PSF, CTF and spatial dispersion provide complementary information.
	Directly demonstrates this using multiple resolution metrics. It is a MEG methodological study, not evidence about 19-channel EEG. 
	✅ Supports
	PSF/CTF analysis is used here to characterise blurring and cross-talk; it does not support claims about electrode-count sufficiency per se.

	Hedrich et al. 2017
	Provides high-density EEG/MEG resolution benchmarks and a multi-metric framework for interpreting PSF/DLE/SD; it is not used as a source of 19-channel numerical values.
	Study compares source methods using 256-sensor hdEEG and MEG and is appropriate for high-density benchmarks, not a 19-channel condition.
	✅ Supports the final, narrowed use
	High-density EEG values are cited for resolution-metric context; low-density MNE/dSPM figures are not used as benchmarks for 19-electrode performance.

	Trujillo-Barreto et al. 2004
	Supports a 19-vs-120 electrode density comparison for cLORETA/BMA using a volumetric FWHM measure.
	The paper reports a volumetric half-maximum PSF measure rather than a linear FWHM width. The main manuscript now labels the derived millimetre quantity as an equivalent-sphere radius.
	✅ Supports with metric qualification
	Metric definitions (SD vs FWHM) are specified in Table 2 and the glossary; SD and FWHM are not interchangeable and are not conflated here.

	Todaro et al. 2019
	eLORETA with approximately 19 electrodes has SD ≈20 mm.
	The study's principal target is ECoG inverse imaging; it uses a non-human simultaneous ECoG/scalp-EEG paradigm rather than a conventional human 19-channel clinical EEG validation. 
	⚠️ Partially supports
	Table 2 now carries footnote [c]: "Todaro et al. (2019) used 18 scalp EEG electrodes in a macaque simultaneous ECoG/EEG model, not standard human clinical EEG; the eLORETA SD ~20 mm is extracted from that specific condition and should be interpreted accordingly."

	Nguyen-Danse et al. 2021
	Source functional connectivity is feasible with low-density/19-channel EEG.
	Directly examines low-density FC. It supports conditional feasibility, but performance decreases at low density and depends strongly on inverse/connectivity method. 
	⚠️ Partially supports
	Direct 19-vs-128 comparison showing reduced reliability at 19 channels; conditional feasibility at the lobar level, particularly with adaptive beamforming. Beamformer outperformed sLORETA at 19 ch in this study.

	Ryynänen et al. 2004
	Measurement noise reduces the marginal advantage of increasingly dense arrays.
	Directly supports the noise-ceiling argument. However, the authors also conclude that in clinical measurement conditions at least 64 electrodes are beneficial. 
	✅ Supports
	use as noise-ceiling evidence, never as evidence of 19≈64 equivalence.

	Srinivasan, Nunez & Silberstein 1998
	Skull low-pass filtering produces a resolution floor; electrodes closer than ~10–12 cm become redundant.
	Shows that volume conduction can induce apparent correlation between electrodes separated by ≤10–12 cm. It does not show that additional electrodes below that spacing contain no independent information. 
	⚠️ Partially supports
	Adding electrodes beyond the noise-floor limit provides increasingly correlated and partially redundant information; the transition is gradual rather than a sharp threshold. The 10–20 system falls within this region of diminishing returns for broadband qEEG.

	Song et al. 2015
	Inferior-surface coverage is a major geometric weakness and targeted inferior electrodes can substantially improve localisation.
	Strongly supports the importance of inferior coverage, including in sparse arrays. But it also finds that greater sensor density improves accuracy and that the best localisation comes from dense whole-head sampling. 
	⚠️ Partially supports
	§8.1 now presents both findings: inferior coverage is a specifically remediable weakness (Song strongly supports this), and greater density improves accuracy globally, with maximum accuracy at whole-head dense sampling. The two strategies are described as complementary, not competing.

	Lantz et al. 2003
	Largest practical gain occurs in moving from sparse (~31) to intermediate (~63) density; further gain occurs at 123.
	Direct patient comparison: 63 was significantly better than 31 in 9/14 subjects, and 123 increased this to 11/14. Authors explicitly emphasize multichannel EEG for high localisation accuracy. 
	✅ Supports
	Supports the diminishing-returns argument for dense arrays in the broadband qEEG range, while simultaneously indicating that sparse arrays are insufficient for high-precision focal localisation.

	Sohrabpour et al. 2015
	Strongest improvement is 32→64; gains diminish from 64→96→128.
	Directly demonstrated in five paediatric patients plus simulation: ~4 mm improvement 32→64, ~1.3 mm 64→96 and ~1.0 mm 96→128. 
	✅ Supports
	One of the stronger sources for the diminishing-returns argument; small clinical sample (n = 5) limits generalisation.

	Seeck et al. 2017
	Supports a tiered clinical recommendation: standard/25-electrode recording for routine EEG, with 10–10 or higher-density arrays for source localisation requiring greater spatial precision.
	Guideline recommends 25 electrodes as the standard minimum, permits fewer when constrained, and recommends denser configurations for ESI/high-resolution applications.
	✅ Supports
	The main text now presents both the standard-density recommendation and the higher-density ESI recommendation.

	Valdés-Hernández et al. 2009
	Supports the importance of individual versus approximate head models for ESI accuracy.
	Directly demonstrates localisation effects of approximate versus individual head models; it does not by itself establish a specific low-density interaction.
	✅ Supports the final, narrowed claim
	The main text no longer states that this benefit is necessarily greatest at low density.

	Biscay et al. 2018
	Establishes algebraic ROI unmixing under L<M and conditioning assumptions; the theorem is treated as a method-specific Level-3 condition, not as a definition of Level 3 or proof of clinical validity.
	Supports the mathematical identifiability result under stated assumptions; clinical/anatomical validity requires additional evidence.
	✅ Supports theorem; clinical evidence remains conditional
	Algebraic identifiability (L < M condition) is explicitly distinguished from clinical validation of ROI time-series recovery in real data.

	Bosch-Bayard et al. 2020
	A 19-electrode/17-ROI unmixing+iCoh pipeline can reveal meaningful Level-3 network differences in dyslexia.
	Indeed used 17 ROIs and iCoh and produced interpretable group differences. It has no independent spatial ground truth or matched HD comparison. 
	⚠️ Partially supports
	Characterise as clinical proof-of-concept / biological plausibility, as the main manuscript already largely does.

	Bosch-Bayard et al. 2022
	19-channel ROI connectivity can track known developmental connectivity trajectories in infancy.
	n=125 and source effective connectivity showed development consistent with synaptogenesis/myelination. This establishes biological coherence, not electrode-density equivalence or anatomical ground truth. 
	⚠️ Partially supports
	Convergent evidence for parcel-level inference; does not constitute independent validation of the L < M theorem or of 19-channel spatial accuracy.

	Liu et al. 2018
	Blind whole-brain RSN decomposition is substantially more density-demanding than predefined ROI analysis.
	Directly compares 256/128/64/32. High density strongly improves distributed RSNs, especially DMN; some less-distributed networks survive density reduction. 
	✅ Supports
	Excellent boundary-setting reference. It strengthens, rather than weakens, the application-specific thesis.

	Hatlestad-Hall et al. 2023
	Used as boundary-setting evidence that FC and graph-theory measures progressively degrade as channel count is reduced.
	Direct 128→64→32→19 comparison shows progressive distortion and supports ~64 electrodes as a practical minimum for graph-theory characterisation.
	✅ Supports
	Explicit evidence that 19-channel recordings are insufficient for reliable reconstruction of individual resting-state networks in the general case.

	Allouch et al. 2023
	Used as boundary-setting evidence that method choice affects connectivity reconstruction but does not eliminate the density requirement for whole-brain RSNs.
	Simulation shows method dependence and concludes that at least 64 electrodes are needed for accurate cortical resting-state network reconstruction.
	✅ Supports as counter-evidence
	Used to delimit the conditions under which Level-3 parcel-level inference may be feasible; not interpreted as evidence of generic 19-channel RSN adequacy.

	Mahjoory et al. 2017
	Source localisation is more stable than source connectivity, illustrating application-dependent methodological sensitivity.
	Directly supports greater across-pipeline instability of connectivity than localisation. It is not an electrode-density study. 
	✅ Supports this narrow claim
	Cited for the methodological comparison; not interpreted as evidence that low electrode density is adequate for network decomposition.

	Brodbeck et al. 2011
	High-density EEG + individual MRI is clearly preferable for Level-4 presurgical localisation.
	Strong direct evidence: 128–256 + individual MRI yielded sensitivity/specificity ~84/88%; low-density <32 + template MRI ~57/59%. Even low-density + individual MRI improved sensitivity, showing effects of both density and head model. 
	✅ Supports
	One of the strongest direct empirical anchors of the entire taxonomy.

	Baroumand et al. 2018
	Standard 25-electrode IFCN ESI can add clinically useful presurgical information.
	Retrospective blinded validation in 41 surgical cases; 61% fully automated and 78% semi-automated accuracy; no HD equivalence test.
	✅ Supports clinical utility
	Used for clinical added value, not as evidence of equivalence to HD-EEG.

	Vorderwülbecke et al. 2021
	Low-density ESI may achieve performance similar to HD in appropriate epilepsy conditions.
	This is a genuine within-dataset comparison: 257 channels downsampled to 204, 40 and 25; no significant accuracy differences. Crucial condition: hundreds of spikes were averaged (median 470). 
	✅ Supports, conditionally
	Within-dataset downsampling design (257 ch → 204/40/25 ch); no significant accuracy differences across configurations; median 470 spikes averaged. Affirmative evidence for the targeted-density principle in paediatric epilepsy.

	Horrillo-Maysonnial et al. 2023
	Adding 8–11 regionally targeted electrodes to a 25-electrode array can approximate HD-ESI.
	Direct comparison with 83-electrode HD: 93% sublobar concordance and median peak distance 13.2 mm. 
	✅ Supports
	Strong direct evidence for the targeted-density principle: selecting electrode subsets matched to the clinical hypothesis outperforms indiscriminate density reduction.

	Santalucia et al. 2026
	Low-density interictal and ictal ESI can provide clinically informative lobar concordance in children undergoing epilepsy surgery before age 7.
	In n=32 children, reported lobar concordance was 66% interictal, 72% ictal and 75% combined.
	✅ Supports
	S6b and the main text use the corrected age range, sample size, and 66/72/75% values.

	Cannon et al. 2012
	Regional LORETA measures derived from 19-channel EEG have good test-retest reliability.
	Directly supports this: all 19 channels; average LORETA CSD ICC ~0.81 eyes closed and 0.82 eyes open; eight ROIs good-to-very-good. 
	✅ Supports
	Strong evidence for psychometric reliability, but reliability should not be equated with spatial/anatomical accuracy.

	Popov et al. 2023
	Alpha/beta source power is more reliable than delta/gamma; source measures can be longitudinally stable.
	Directly supports frequency-dependent test-retest reliability and strong alpha/beta source-power reliability. It was not designed to test 19 versus HD density. 
	✅ Supports reliability; ⚠️ for density inference
	Cited in Section 5.3 for the test–retest reliability finding; electrode count is not identified as the determining factor for reliability in this study.

	Ahn et al. 1980 / John et al. 1980
	Provides historical evidence that developmental qEEG equations generalise across populations/cultural contexts, without claiming validation in more than 12 countries.
	Supports cross-cultural robustness in independent samples; does not establish a >12-country validation.
	✅ Supports the final, narrowed claim
	The >12-country wording has been removed.

	Congedo & Lubar 2003
	Used only for statistical methodology in normative-database comparison, not as evidence of multinational cross-cultural validation.
	Simulation study of parametric versus non-parametric normative-database statistics, including sample-size and distributional effects.
	✅ Supports the final, narrowed use
	Removed from the cross-cultural validation claim; retained only where normative-comparison methodology is relevant.

	Li et al. 2022, HarMNqEEG
	Multinational qEEG norms and harmonisation show that technical batch effects can be controlled across sites/devices.
	Directly supported: 1,564 participants, 9 countries, 12 devices, 14 studies; harmonisation improves cross-site normative comparability and diagnostic performance. 
	✅ Supports
	This is the appropriate modern reference for multinational harmonisation. Do not convert “9 countries” into “>12 countries.”

	Babiloni et al. 2009
	Low-density LORETA source-alpha measures show biologically meaningful regional associations with hippocampal atrophy in MCI/AD.
	Supports source-level alpha/structural-MRI relationships; it does not test low-vs-high-density equivalence.
	✅ Supports the biological-validity claim
	Level-2 convergent evidence for lobar-scale source inference; does not constitute proof of density optimality or equivalence between 19 and high-density configurations.

	Dattola et al. 2020
	Provides direct counter-evidence showing that eLORETA localisation accuracy improves as density increases from 18 to 64 to 173 channels.
	Direct density comparison; sparse arrays can miss or alter apparent source findings, whereas higher density improves localisation accuracy.
	✅ Supports as counter-evidence
	Now cited explicitly in the main text, S6a, and Conclusions to bound the low-density claim.



S7. Extended contextual analyses and figures
S7.1. Electrode density in paediatric epilepsy
Sohrabpour et al. (2015) compared 32, 64, 96, and 128 electrodes in seizure-free paediatric patients using resection boundaries and ECoG as complementary gold standards. The largest reduction in localisation error occurred between 32 and 64 electrodes, with progressively smaller gains thereafter. The figure below is retained as supplementary visual evidence for the diminishing-returns argument discussed in Section 5.1 of the main text.
[image: ]
Figure S2. Source localisation error by electrode count in paediatric epilepsy (based on Sohrabpour et al. 2015). The largest reduction is between 32 and 64 electrodes; the marginal gain becomes smaller at higher densities. Moved from the main manuscript.
S7.2. Model-based spatial identifiability with ξ−αNET
The same HarMNqEEG dataset has been used to examine how far source-space resolution can be extended from 19-electrode cross-spectral data when strong biophysical and anatomical priors are incorporated into the inverse model. García Reyes et al. (2026) formulated ξ−αNET, a parametric model that simultaneously estimates source spectral components and effective connectivity via Bayesian inversion of a biophysically constrained neural mass model incorporating structural connectivity and axonal delay priors. Applied to 19-electrode cross-spectra, benchmarking of the linearised resolution operator showed PSF metrics (SD, PLE, FWHM) within the numerical range reported for reference hdEEG methods, with particularly low spurious activity (RSA). These results are promising; however, they should be interpreted as hypothesis-generating rather than as established evidence of 19-electrode sufficiency for high-resolution source imaging. The available evidence for ξ−αNET derives entirely from the present author group (whose co-authors include the developers of the method), and independent replication has not yet been published. Whether the observed PSF metrics hold under the full range of noise conditions, head geometries, and source configurations encountered in clinical practice remains to be demonstrated. Readers should weigh this context when evaluating the strength of conclusions drawn from Supplementary Figure S3.
Because this evidence derives from the developing author group, it should be treated as hypothesis-generating rather than as independent validation of high-resolution source imaging from 19 electrodes. The benchmark is retained here for transparency while keeping the main text focused on claims with broader independent support.

[image: ]Figure S3. Spatial identifiability metrics of ξ−αNET with 19 and 120 electrodes versus high-density EEG reference bands. Reproduced from García Reyes et al. (2026); authors of that work are co-authors of the present review. Moved from the main manuscript.
S7.3. Subcortical source estimation: feasibility and limitations
A question of growing clinical relevance is whether EEG inverse methods can recover activity generated by subcortical structures — thalamus, basal ganglia, hippocampus, amygdala, and brainstem — which are implicated in a wide range of neurological and psychiatric disorders. This question is particularly pertinent to qEEG normative studies that include subcortical regions of interest in their source models. The theoretical and empirical evidence is nuanced: subcortical estimation is feasible under specific conditions but faces fundamental biophysical constraints that cortical estimation does not.
The primary challenge is that most subcortical structures have geometries that produce closed electric fields — the net dipole moment of the generator cancels to near zero at the scalp — or lie sufficiently deep that signal amplitude at scalp electrodes is substantially attenuated. Attal and Schwartz (2013) provided a systematic forward modelling analysis demonstrating that structures with open-field geometry (hippocampus) produce detectable surface fields, while structures with closed or random geometry (thalamus, striatum, amygdala) generate weaker and more spatially diffuse scalp topographies. Piastra et al. (2021) extended this analysis to EEG and MEG using realistic finite element models, confirming that EEG sensitivity to subcortical sources is substantially lower than to cortical sources, and that detectability depends critically on dipole orientation distribution and forward model accuracy. Andersen et al. (2020) examined cerebellar sources, finding that EEG and MEG can detect cerebellar signals under favourable SNR conditions but that reliable localisation requires high-density arrays and careful modelling.
Three caveats apply when interpreting these findings in the 10–20 context. First, demonstrations of subcortical detection have predominantly used high-density EEG (128–256 channels) or MEG; whether 19 electrodes preserve sufficient spatial information to localise subcortical sources — rather than merely detect broadband field perturbations — has been tested in only limited cases. The case study of Prichep et al. (2001) provides suggestive evidence that VARETA with 19 electrodes can localise deep lesions, though validation in larger samples with spontaneous neural generators is needed. Second, reliable subcortical detection requires high SNR, typically achieved through evoked response averaging or strong oscillatory synchrony such as the thalamic alpha detected by Seeber et al. (2019). Third, the forward model must include subcortical volumes explicitly — inverse methods constrained to cortical surface meshes will project subcortical activity onto the nearest cortical nodes, producing anatomically misleading apparent cortical activations. An important exception is the class of methods incorporating structural connectome priors (BC-VARETA, ξ−αNET), in which the connectivity model can, in principle, constrain subcortical contributions even when direct scalp projection is weak; this remains an active area of development.

SG. Glossary of key terms and abbreviations
The following terms are used throughout the main text. Where multiple definitions exist in the literature, the definition adopted in this paper is given.

	Term / Abbreviation
	Definition
	Key References

	AD — Alzheimer’s disease
	A progressive neurodegenerative disorder and common cause of dementia; used here in the context of EEG/qEEG biomarkers.
	—

	ADHD — Attention-deficit/hyperactivity disorder
	A neurodevelopmental disorder characterised by developmentally inappropriate inattention and/or hyperactivity-impulsivity.
	—

	ANOVA — Analysis of variance
	A statistical framework for testing differences among group or condition means.
	—

	APOE — Apolipoprotein E
	A gene encoding apolipoprotein E; the ε4 allele is a major genetic risk factor for late-onset Alzheimer’s disease.
	—

	ASSR — Auditory steady-state response
	An electrophysiological response entrained to the repetition rate or modulation frequency of an auditory stimulus.
	—

	AUC — Area under the curve
	Usually the area under the receiver-operating-characteristic curve; a scalar measure of discrimination performance.
	—

	BC-VARETA / bcVARETA — Brain Connectivity Variable Resolution Tomographic Analysis
	A Bayesian frequency-domain inverse framework that estimates source spectra and connectivity with data-driven hyperparameter learning.
	Paz-Linares et al. (2021)

	BCI — Brain-computer interface
	A system that translates brain signals into commands for an external device or computer.
	—

	BEM — Boundary element method
	A numerical forward-modelling method that represents conductivity boundaries by surface meshes.
	Nunez & Srinivasan (2006)

	CHBMP — Cuban Human Brain Mapping Project
	A long-running normative brain-mapping programme that developed and validated 19-electrode qEEG and source-space norms.
	Bosch-Bayard et al. (2001, 2020)

	CNN — Convolutional neural network
	A deep-learning architecture using learned convolutional filters; used here in automated EEG source-imaging applications.
	—

	CSD — Current source density
	An estimate of the spatial density of electrical current sources; in EEG it may refer to source-space current density or scalp Laplacian-derived measures, depending on context.
	—

	CSF — Cerebrospinal fluid
	The highly conductive fluid surrounding the brain and spinal cord; an important compartment in realistic EEG head models.
	—

	CTF — Cross-talk function
	For a given voxel of interest v, the CTF quantifies how much activity from every other voxel w in the brain leaks into the estimated source at v. Whereas the PSF describes the smearing of a single isolated source, the CTF describes the contamination of one source estimate by simultaneously active sources elsewhere. CTF ≠ 0 even for eLORETA/sLORETA estimators. A small CTF value implies high functional specificity; a large CTF means that the estimated time series at v reflects a mixture of true neural activity from multiple distant generators.
	Grave de Peralta Menendez & Gonzalez Andino (1998); Hauk et al. (2011)

	DCM — Dynamic causal modelling
	A generative Bayesian framework that estimates directed interactions among neural populations by fitting a biophysical model to observed data.
	Friston et al. (2003)

	DICS — Dynamic imaging of coherent sources
	A frequency-domain beamformer designed to localise coherent oscillatory sources from cross-spectral data.
	Gross et al. (2001)

	DLE — Dipole localisation error
	The Euclidean distance (mm) between the known location of a simulated dipole source and the location of the peak of the inverse solution estimate. DLE = 0 for sLORETA and eLORETA by mathematical construction, meaning the PSF peak is exactly centred on the true source location under the assumed forward model. DLE > 0 for unstandardised MNE and dSPM, which exhibit systematic depth bias (deeper sources are displaced toward the surface). Note: DLE = 0 does not imply high spatial precision; it means the peak is unbiased, not that the source is well resolved.
	Pascual-Marqui (2002, 2007); Hedrich et al. (2017)

	DMN — Default mode network
	A large-scale resting-state network involving medial prefrontal, posterior cingulate/precuneus and lateral parietal regions.
	—

	DOI — Digital object identifier
	A persistent identifier assigned to a digital scholarly object such as a journal article.
	—

	dSPM — Dynamic statistical parametric mapping
	A noise-normalised minimum-norm source-imaging method that scales current estimates by their estimated variance.
	Dale et al. (2000)

	DTF — Directed transfer function
	A multivariate frequency-domain measure of directed influence derived from a fitted autoregressive model.
	Kamiński & Blinowska (1991)

	DTI — Diffusion tensor imaging
	An MRI technique that characterises water diffusion anisotropy and is commonly used to estimate white-matter structure.
	—

	ECoG — Electrocorticography
	Intracranial recording of cortical electrical activity from electrodes placed directly on or near the cortical surface.
	—

	EEG — Electroencephalography
	Recording of brain-generated electrical potentials from scalp electrodes.
	Jasper (1958)

	ELASSO-SSBL — Elitist LASSO structured sparse Bayesian learning
	A hierarchical Bayesian sparse source-imaging method based on an elitist-LASSO prior within a structured sparse Bayesian learning framework.
	Paz-Linares et al. (2017)

	eLORETA — Exact low-resolution brain electromagnetic tomography
	A linear distributed inverse method that achieves exact zero DLE (zero localisation bias of the PSF peak) under the assumed forward model, including structured biological noise. It differs from sLORETA in its standardisation and can yield a narrower PSF under specific modelling conditions. An SD of ~20 mm has been reported for an 18-channel macaque scalp-EEG condition (Todaro et al. 2019); this value should not be interpreted as a general human 19-channel benchmark. Like all linear distributed methods, the CTF is non-zero.
	Pascual-Marqui (2007); Todaro et al. (2019; 18-channel macaque scalp-EEG condition)

	ENET-SSBL — Elastic Net structured sparse Bayesian learning
	A hierarchical Bayesian sparse source-imaging method based on an elastic-net prior within a structured sparse Bayesian learning framework.
	Paz-Linares et al. (2017)

	ERP — Event-related potential
	A time-locked EEG response obtained by averaging or otherwise estimating activity associated with a sensory, cognitive or motor event.
	—

	ESI — Electrical source imaging
	Estimation of the location or spatial distribution of neuronal current sources from scalp EEG.
	Michel & He (2019)

	FDR — False discovery rate
	The expected proportion of false positives among results declared significant; commonly controlled in multiple-comparison procedures.
	—

	FEM — Finite element method
	A numerical forward-modelling method that represents the head as a volume mesh with tissue-specific conductivities.
	—

	FOCUSS — FOCal Underdetermined System Solver
	An iterative reweighted minimum-norm algorithm that promotes sparse solutions to underdetermined inverse problems.
	Gorodnitsky & Rao (1997)

	Forward model / Lead field matrix
	The lead field matrix K (dimensions M × 3N, where M = number of electrodes, N = number of voxels) encodes the relationship between unit dipole sources at each voxel and the resulting scalp potentials. Each column of K is the scalp topography (lead field vector) of a unit dipole at a given voxel in a given orientation. The forward problem is well-posed and has a unique solution; the inverse problem (estimating sources from scalp data) is ill-posed because K has far more columns than rows (3N >> M). The accuracy of K depends on head model geometry, skull and tissue conductivity values, electrode co-registration, and source space definition.
	Nunez & Srinivasan (2006); Michel & He (2019)

	FWHM — Full-width at half-maximum
	A measure of the spatial spread of the Point Spread Function (PSF) at 50% of its peak. For a Gaussian-shaped one-dimensional profile, FWHM ≈ 2.355 × σ, but no universal conversion exists between FWHM and the spatial-dispersion metric SD used elsewhere in this review. Trujillo-Barreto et al. (2004) quantified cLORETA/BMA resolution using a volumetric FWHM measure (volume of PSF voxels above half-maximum, normalised to sphere volume). The ~30–35 mm value quoted for the 19-channel condition in this review is the equivalent-sphere radius derived from that volumetric measure, not a directly reported linear FWHM width.
	Trujillo-Barreto et al. (2004); see Supplementary S2 and main Table 2 footnote [d]

	GC — Granger causality
	A statistical concept of directed predictability: signal X Granger-causes Y if past X improves prediction of Y beyond Y’s own past and other included variables.
	—

	GSF — Global Scale Factor
	A subject-specific global multiplicative factor of the EEG spectrum used to reduce device/contact-related scale variability in qEEG.
	Hernández et al. (1994)

	HD-ESI — High-density electrical source imaging
	Electrical source imaging performed from high-density EEG recordings.
	—

	hdEEG / HD-EEG — High-density EEG
	EEG recorded with substantially more electrodes than the standard 10–20 montage; in this review typically 64–256 or more channels.
	—

	ICA — Independent component analysis
	A blind source-separation method that decomposes multichannel data into statistically independent components.
	—

	ICC — Intraclass correlation coefficient
	A family of coefficients quantifying reliability or agreement of repeated measurements.
	—

	iCoh — Isolated effective coherence
	A frequency-domain directed connectivity measure that quantifies direct causal information flow from source region A to source region B, controlling for the influence of all other simultaneously modelled regions. Unlike ordinary coherence (which mixes direct and indirect connections and is symmetric), iCoh is asymmetric (directional) and isolates direct connections from those mediated by third regions. It is derived from the partial coherence via the inverse of the cross-spectral density matrix. iCoh = 0 between A and B if and only if there is no direct causal connection in the underlying multivariate model.
	Pascual-Marqui et al. (2014); Bosch-Bayard et al. (2020, 2022)

	iEEG — Intracranial EEG
	EEG recorded from electrodes placed inside the skull, including depth and subdural recordings.
	—

	IFCN — International Federation of Clinical Neurophysiology
	The international professional federation responsible for widely used clinical neurophysiology standards and guidelines.
	—

	IIC — Ictal-interictal continuum
	EEG patterns that lie between clearly interictal and unequivocally ictal activity and may have uncertain clinical significance.
	—

	ILAE — International League Against Epilepsy
	International professional organisation that develops epilepsy definitions, classifications and clinical guidance.
	—

	Inverse problem / Inverse solution
	The EEG inverse problem is the estimation of the spatial distribution of cortical source currents from scalp-recorded electric potentials. It is fundamentally ill-posed (underdetermined and rank-deficient) because the number of possible source configurations is far larger than the number of measurements. A unique solution can only be obtained by imposing additional constraints (regularisation or prior information). Different regularisation strategies yield different inverse methods (MNE, LORETA, sLORETA, eLORETA, VARETA, beamformers, MUSIC, etc.) with different trade-offs between spatial resolution, localisation bias, and noise sensitivity.
	Michel & He (2019); Knösche & Haueisen (2022)

	IRWMN — Iteratively reweighted minimum norm
	A family of iterative minimum-norm procedures that update spatial weights to favour focal or sparse source estimates.
	—

	LAURA — Local autoregressive average
	A distributed EEG inverse solution using local autoregressive spatial constraints.
	—

	LCMV — Linearly constrained minimum variance
	A beamformer that constructs spatial filters with unit gain for a target location while minimising output variance.
	Van Veen et al. (1997)

	LD-EEG — Low-density EEG
	EEG recorded with a relatively sparse array; in this review it usually refers to standard 10–20/10–10 clinical montages around 19–32 electrodes.
	—

	LD-ESI — Low-density electrical source imaging
	Electrical source imaging performed from low-density EEG recordings.
	—

	LORETA — Low-resolution brain electromagnetic tomography
	The original distributed linear inverse method by Pascual-Marqui, Michel & Lehmann (1994). LORETA minimises the norm of the discrete Laplacian of the source current density, imposing a smoothness constraint that produces spatially blurred but stable solutions. Unlike sLORETA and eLORETA, the original LORETA is not zero-DLE: it exhibits systematic displacement of the PSF peak toward the centre of the head for deep sources. LORETA has been largely superseded in research settings by sLORETA and eLORETA, though it remains widely used in clinical qEEG software.
	Pascual-Marqui et al. (1994); Pascual-Marqui (2002)

	MCI — Mild cognitive impairment
	A clinical syndrome with measurable cognitive decline greater than expected for age but not sufficient to meet criteria for dementia.
	—

	MEG — Magnetoencephalography
	Recording of magnetic fields generated by neuronal currents, usually with extracranial sensor arrays.
	—

	MEMD — Multivariate empirical mode decomposition
	An adaptive data-driven decomposition that generalises empirical mode decomposition to multichannel signals.
	Soler et al. (2020)

	MMN — Mismatch negativity
	An auditory ERP component elicited by a deviation from a regular sound sequence.
	—

	MMSE — Mini-Mental State Examination
	A brief screening test of global cognitive function.
	Folstein et al. (1975)

	MNE — Minimum norm estimation
	The simplest linear distributed inverse method: it finds the source distribution with minimum L2 norm (minimum total source power) consistent with the observed scalp data. MNE is computationally efficient but exhibits strong depth bias — it systematically underestimates deep sources relative to superficial ones because deep sources must be larger to produce the same scalp topography. DLE > 0 for MNE. Noise-normalised variants (dSPM, sLORETA) correct this bias.
	Hämäläinen & Ilmoniemi (1994); Hedrich et al. (2017)

	MNI — Montreal Neurological Institute
	Used here for standard anatomical templates, atlases and the associated neuroinformatics ecosystem.
	—

	MRI — Magnetic resonance imaging
	Non-invasive anatomical or functional imaging based on nuclear magnetic resonance.
	—

	MUSIC — Multiple signal classification
	A subspace-based parametric localisation method that identifies source locations from the signal/noise eigenspaces of array data.
	Schmidt (1986)

	MxNE — Mixed-norm estimate
	A sparse source-estimation approach using mixed norms to promote a limited number of active spatial locations while modelling their time courses.
	—

	NL — Relative noise level
	The ratio of electrode noise amplitude (RMS, µV) to mean EEG signal amplitude (µV). NL determines the effective number of spatial degrees of freedom recoverable from an EEG array: as NL increases, the advantage of higher electrode counts diminishes because noise masks the additional spatial information provided by extra sensors. Typical clinical values: NL ≈ 0.05–0.125 (electrode noise 2–5 µV; EEG amplitude ~40 µV mean). NL < 0.04 is typically required to fully exploit 256+ electrodes; 128-electrode arrays are most advantageous in the NL 0.04–0.10 range (see main Table 3); NL < 0.02 for 512 electrodes.
	Ryynänen et al. (2004)

	PDC — Partial directed coherence
	A multivariate frequency-domain measure of directed connectivity derived from autoregressive/spectral factorisation models.
	Baccalá & Sameshima (2001)

	PET — Positron emission tomography
	A nuclear-medicine imaging technique based on positron-emitting radiotracers.
	—

	PLE — Peak localisation error
	Distance between the true source and the reconstructed peak; used as a peak-error metric and closely related to DLE in this manuscript.
	García Reyes et al. (2026)

	PLV — Phase-locking value
	A measure of consistency of the phase difference between two signals across time or trials, ranging from 0 to 1.
	Lachaux et al. (1999)

	PRISMA — Preferred Reporting Items for Systematic Reviews and Meta-Analyses
	A reporting framework and flow-diagram standard for transparent systematic-review methods.
	Page et al. (2021)

	PSD — Power spectral density
	The distribution of signal power as a function of frequency.
	—

	PSF — Point spread function
	The PSF of an inverse solution describes the spatial extent of the source estimate produced in response to a single isolated point source. It represents the blurring introduced by ill-posed inversion and regularisation. A narrow PSF indicates better spatial resolution; a broad PSF indicates poorer spatial resolution. For 19-channel conditions, reported spread estimates are method- and context-specific: sLORETA SD is ~45 mm in Nguyen-Danse et al. (2021), whereas the ~20 mm eLORETA SD estimate derives from an 18-channel macaque scalp-EEG condition (Todaro et al. 2019). For cLORETA/BMA, Trujillo-Barreto et al. (2004) reported volumetric FWHM, represented in this review as an equivalent-sphere radius. DLE = 0 means the PSF peak is centred on the true source under the model assumptions; the PSF can still be broad and CTF non-zero.
	Pascual-Marqui (2002, 2007); Nguyen-Danse et al. (2021); Todaro et al. (2019); Trujillo-Barreto et al. (2004)

	qEEG — Quantitative electroencephalography
	Numerical analysis of EEG features such as spectra, ratios, source estimates or connectivity, often compared with normative distributions.
	—

	RAP-MUSIC — Recursively applied and projected MUSIC
	A recursive extension of MUSIC that sequentially identifies multiple source locations while projecting out previously identified sources.
	Mosher & Leahy (1999)

	RBV — Recoverable basis vectors
	The number of statistically independent spatial modes (singular vectors of the forward transfer matrix) that exceed the noise floor and can therefore be reliably reconstructed from a given EEG array at a given noise level. RBV is determined jointly by electrode count and the relative noise level NL: it sets an upper bound on the spatial resolution achievable by any inverse method. In the noiseless limit, RBV equals the rank of the forward matrix (approximately min(M, N)); in the noisy case, RBV is substantially lower than M for typical clinical recordings.
	Ryynänen et al. (2004)

	Resolution matrix
	The resolution matrix R = T·K (where T is the inverse operator and K the lead field matrix) maps true source distributions to estimated source distributions. Its columns are the PSFs (response to isolated sources) and its rows are the CTFs (contamination of each source estimate by other active sources). A perfect inverse solution would have R = I (identity matrix), but this is impossible for an ill-posed problem. The degree of departure of R from I quantifies the blurring and cross-talk of the inverse solution.
	Backus & Gilbert (1968); Grave de Peralta Menendez & Gonzalez Andino (1998)

	ROI — Region of interest
	A predefined anatomical or functional brain region used as the unit of analysis in source-level EEG. ROIs are typically defined by anatomical atlases (AAL, Brodmann, Destrieux) or by functional parcellations (Schaefer, Gordon). In the unmixing framework of Biscay et al. (2018), ROIs are the target units of the inverse solution: the unmixing step recovers one time series per ROI rather than one per voxel. ROI-level analysis substantially reduces the dimensionality of the problem and improves the conditioning of the solution when the number of ROIs L < number of electrodes M.
	Biscay et al. (2018); Tzourio-Mazoyer et al. (2002)

	RSA — Ratio of spurious activity
	A resolution-matrix metric quantifying the proportion of reconstructed activity appearing outside the intended source region.
	García Reyes et al. (2026)

	RSN — Resting-state network
	A reproducible large-scale pattern of coordinated brain activity observed in the absence of an explicit task.
	—

	SAM — Synthetic aperture magnetometry
	A beamforming approach for estimating spatially localised changes in oscillatory source power, originally developed for MEG.
	—

	SBL — Sparse Bayesian learning
	A Bayesian sparse-estimation framework in which hyperparameters control source relevance and are learned from the data.
	Tipping (2001)

	SD — Spatial dispersion
	A measure of PSF spread defined as the RMS spatial distance of PSF values from the true source location, weighted by squared PSF amplitude (see Eq. S5). SD is not interchangeable with FWHM. In the 19-channel comparison of Nguyen-Danse et al. (2021), sLORETA SD is approximately 45 mm. An eLORETA SD of ~20 mm has been reported in an 18-channel macaque scalp-EEG condition (Todaro et al. 2019), and should not be treated as a general human 19-channel value.
	Nguyen-Danse et al. (2021); Todaro et al. (2019; 18-channel macaque condition)

	SEEG / sEEG — Stereoelectroencephalography
	Intracranial EEG recorded with stereotactically implanted depth electrodes; one spelling should be used consistently throughout the manuscript.
	—

	SEP / SSEP — Somatosensory evoked potential
	An electrophysiological response evoked by somatosensory stimulation.
	—

	sICA — Spatial independent component analysis
	ICA applied so that independent components represent spatially independent patterns or networks.
	—

	sLORETA — Standardised LORETA
	A linear distributed inverse method that standardises the minimum-norm estimate by an estimate of its variance. Under the assumed forward model, this standardisation yields DLE = 0 for the PSF peak, but the PSF remains spatially broad and the CTF is non-zero. In the 19-channel condition analysed by Nguyen-Danse et al. (2021), sLORETA spatial dispersion was approximately 45 mm; this illustrates broad regional rather than focal resolution.
	Pascual-Marqui (2002); Nguyen-Danse et al. (2021)

	SNR — Signal-to-noise ratio
	The ratio between signal strength and noise strength; higher SNR generally improves estimation reliability and spatial resolution.
	—

	Source visibility
	A source is 'visible' to an electrode array if its scalp topography is sufficiently distinctive and above the noise floor to contribute meaningfully to the inverse solution. Visibility depends on: (i) source depth and geometry (open-field geometry — e.g. hippocampus — is more visible than closed-field — e.g. thalamus, striatum); (ii) source amplitude and temporal coherence; (iii) measurement noise; and (iv) forward model accuracy. Restricting the source space to regions of adequate visibility improves inverse solution performance for a given electrode count.
	Vega-Hernández et al. (2008); Attal & Schwartz (2013)

	SSVEP — Steady-state visual evoked potential
	An oscillatory EEG response phase-locked to a periodically modulated visual stimulus.
	—

	STTONNICA — Spatio-Temporal TOmographic Nonnegative Independent Component Analysis
	A simultaneous single-step EEG source imaging method (component tomography) developed by Valdés-Sosa et al. (2009). It minimises ‖V − KMG‖² + f(M) jointly over M (source spatial signatures) and G (temporal signatures), with the lead field K embedded directly in the objective function. Spatial signatures are constrained to be non-negative (M ≥ 0), column-orthogonal (MᵀM = I), sparse, and smooth — guaranteeing unique non-overlapping cortical activation patches equivalent to k-means clustering in source space. A key property is that no depth weighting is required: STTONNICA recovers superficial and deep sources equally in simulations, attributed to the high degree of constraint reducing the effective underdetermination of the inverse problem. Systematic comparison against instantaneous methods (LORETA, ENET, LFUSION) with 32 electrodes showed STTONNICA achieving substantially better source visibility scores (IQR ~0.7–1.0 vs. ~0.1–0.3 for the others at SNR 14 dB). Application to the 10-20 system remains unexplored but is theoretically motivated for signals with distinctive temporal or spectral structure.
	Valdés-Sosa et al. (2009), Hum Brain Mapp 30:1898–1910; see Section 4.3 of main text

	TBR — Theta/beta ratio
	The ratio of EEG theta-band power to beta-band power, commonly used as a spectral index.
	—

	Unmixing (ROI-level)
	A post-hoc algebraic procedure that uses the ROI-to-ROI resolution submatrix to reduce source leakage when the number of target ROIs is smaller than the number of independent sensor measurements and the matrix is well conditioned.
	Biscay et al. (2018)

	VARETA — Variable resolution electromagnetic tomography
	A Bayesian two-step inverse solution for time-domain source imaging. Step 1: Bayesian model comparison or averaging selects optimal regularisation hyperparameters from the data. Step 2: the selected hyperparameters are used in a maximum a posteriori inversion to produce the source image. VARETA imposes spatially varying regularisation (unlike fixed-lambda LORETA), allowing focal solutions where the data supports them. Note: BC-VARETA (Paz-Linares et al. 2021) is a distinct frequency-domain method for connectivity estimation and does not share this two-step structure. VARETA has been used as the source imaging engine for the Cuban and CHBMP normative databases.
	Bosch-Bayard et al. (2001), Clin EEG 32:47–61; Paz-Linares et al. (2021), Int J Psychophysiol 168(Suppl):S183

	VBM — Voxel-based morphometry
	An MRI analysis approach for voxel-wise comparison of local tissue volume or concentration.
	—

	WMNE — Weighted minimum-norm estimate
	A minimum-norm inverse in which source locations are weighted, commonly to compensate for depth or other prior information.
	—

	ξ−αNET
	A nonlinear Bayesian inverse method that parameterises EEG source activity through a neural mass model constrained by the structural connectome and axonal conduction delays derived from diffusion MRI. Rather than estimating voxel-level time series, ξ−αNET estimates the parameters of a biophysical generative model (coupling strengths, axonal delays) that best reproduces the observed cross-spectral density matrix. It achieves spatial resolution within the high-density EEG reference band even when applied to 19-electrode data, because the structural prior encodes information beyond what the scalp data alone provides.
	García Reyes et al. (2026); see Section 4.1 of main text
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The unmixing theorem (Biscay, Bosch-Bayard & Pascual-Marqui, 2018)
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Figure 1: Comparison of spatial identifiability metrics between {~aNET and hdEEG reference bands. This figure
presents the same spatial identifiability results shown in Fig. 3 (a-b) in the paper, but here the {&~aNET estimates are directly
compared against the reference intervals reported by Hedrich et al. [11] and other hdEEG studies (LORETA, dSPM, MNE,
sLORETA; Nguyen-Danse et al. [18]). Even with only 19 electrodes, &~«NET achieves spatial dispersion (SD) and point-spread
metrics (PLE, FWHM) within the benchmark range for 256-channel hdEEG systems, while yielding markedly lower RSA
values—indicating a substantial reduction of spurious activity. With 120 channels, all metrics (SD, PLE, FWHM, RSA) improve
further, fully matching or surpassing the hdEEG reference bands.




