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Abstract: Introduction: EEGLAB is one of the most famous software for processing, analyzing, and researching 

experiments that have Electroencephalography (EEG) datasets. Due to the numerous and famous add-ins along 

with global, widespread communications and online free training, its popularity increased every year. Method: 

To address this phenomenon from a bibliographic perspective, we found 20,464 citations in Google Scholar for 

the main EEGLAB reference since 8/27/2023. Then, only the Web of Science (WOS) articles were 12,700 that 

they were extracted. The results were analyzed with Bibliometrix package from CRAN R software. Results: 

The time span of these articles is from 2004 to 2023 with 12,700 documents in 1,125 sources (journals, books, 

etc.), 29,125 authors, 19,062 author’s keywords, 13,707 keywords PLUS, 279,617 references. The annual growth 

rate is 28.12 %, international Co-authorship is 37.27 % and Co-authors per document is s 4.89 and the average 

citations per document is 22.51. The most relevant sources are Neuroimage, Frontiers in Human Neurosciences, 

Scientific Reports, Psychophysiology, and PLOS One with 780, 526, 446,425, and 371 articles, respectively. The 

most cited countries are the USA, Germany, and the United Kingdom with 93,093, 32,621, and 20,748 total 

citations, respectively. The ERPLAB, ADJUST, and ICLabel add-ins have the local to global citation ratios equal 

to 85.4%, 65.1%, and 78.2% respectively. Other bibliometric analyses such as co-occurrence networks and 

thematic maps of abstracts, titles, and keywords are estimated and presented. Conclusions: EEGLAB is among 

the most cited MATLAB toolboxes in computational neuroscience. Many developed and developing countries 

use it in their research publications.  
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Highlights:  

• Summarizes 12,700 ISI-indexed articles about EEGLAB.  

• Clustered Collaboration Network University into 6 segments.  

• Presented the trend topics plot for keyword plus. 

• Presented Co-Citation Network of authors for all and core sources. 

• Have a big Supplementary Materials for further analysis and reproducible results.  

1. Introduction 

The EEGLAB was presented as MATLAB (http://www.mathworks.com/) open-source toolbox 

in a research publication in 2004 by Arnaud Delorme and Scott Makeig from Swartz Center for 

Computational Neuroscience, Institute for Neural Computation, University of California San Diego, 

USA [1]. It has an interactive graphical User interface (GUI) with independent component analysis 

(ICA), Time/Frequency Analysis (TFA), and more than 150 plug-ins for example Fieldtrip-lite [2] , 

ERPLAB [3], ICLabel [4], SIFT [5] , AMICA [6], PACT [7] and LIMO [8] to analyze dynamic brain 

data. (https://sccn.ucsd.edu/eeglab/plugin_uploader/plugin_list_all.php) 

Although it is not the only software in neuroscience research, it has a big community of users 

and developers from different countries and various expertise in neurosciences, biomechanics, 

Psychology, Bioengineering, Biosignal processing, Neuromechanics, Rehabilitation, Software 

engineering, Biostatistics, and data science. Also, it is used with other software for EEG- fMRI 

(Functional magnetic resonance imaging) datasets with SPM (Statistical Parametric Mapping) [9], 

EEG-NIRS (near-infrared spectroscopy) dataset with BBCI Toolbox [10], BCILAB in brain–computer 
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interface (BCI) development [11], in R packages like neuroconductor [12] and medical researches [13] 

and the Virtual Brain (TVB) [14,15]. 

The systematic reviews and meta-analysis studies about EEG were highly cited and popular for 

example Default-mode brain dysfunction in mental disorders [16], deep learning [17], feature 

extraction [18] and meta-analysis for randomized controlled trials for Nonpharmacological 

interventions for ADHD [19]. But the bibliometric analysis is new and was limited to the application 

of EEG indices in human cognitive performance with 143 items [20], Mild Cognitive Impairment 

(MCI) research with 2310 items [21], mental fatigue on athletic performance with 658 items [22], 

Quantitative EEG in neuropsychiatric field with 1904 articles [23], neuromarketing with 30 items [24] 

and 24 items [25], Consumer Neurosciences with 364 items [26], consumer behavior and marketing 

with 497 items [27] , strategic management studies with 105 items [28] ,Neurorehabilitation with 874 

items [29], Neuroarchitecture Assessment with 295 items [30] and Construction [31].  

Sometimes bibliometric analysis is combined with different text mining methods such as topic 

modeling and word clouds. They show the most important words in a text by statistical and machine 

learning methods [32,33]. The recent study of AI-enhanced human EEG analysis with 2,053 research 

items presented world clouds [34]. In this study, we present the bibliometric analysis with some text 

mining methods for aggregated abstracts by using the bibliometrix R package for all available ISI 

research articles that have been cited the EEGLAB [35].  

2. Materials and Methods 

2.1. Data Gathering 

The EEGLAB was introduced in the “Delorme A, Makeig S. EEGLAB: an open-source toolbox 

for analysis of single-trial EEG dynamics including independent component analysis. Journal of 

neuroscience methods. 2004 Mar 15;134(1):9-21.” [1]. Since 8/27/2023, there have been 20,464 citations 

in the Google Scholar. It consists of different types of articles, proceedings, poster presentations, etc. 

In this research, only available items in the Web of Science (WOS) Core Collection (2001-present) have 

been collected from webofknowledge.com. It consists of four databases: 1) Science Citation Index 

Expanded (SCI-EXPANDED)--2001-present, 2) Social Sciences Citation Index (SSCI)--2001-present, 3) 

Arts & Humanities Citation Index (AHCI)--2001-present and 4) Emerging Sources Citation Index 

(ESCI)--2018-present. The available items were 12,700 (~62.1% of all Google Scholar citations) and 

they were collected, integrated, and saved with bib format file. They were not all references such as 

only SCOPUS indexed journals, but only articles published by the Institute for Scientific Information 

(ISI) journals.  

2.2. Data Analysis  

The data and bibliography analysis were conducted with Bibliometrix [35] package in R studio 

2023.06.1 and R Core Team (2022). [36] 

3. Results 

3.1. Descriptive Statistics 

The timespan is from 2004 to 2023 with 12,700 documents published in 1,125 ISI-indexed sources 

(journals, books etc.), written by 29,125 authors, including 19,062 author’s keywords, 13,707 
keywords PLUS and 279,617 references. The annual growth rate of publication is 28.12 %, 

international Co-authorship is 37.27 % and Co-authors per document is 4.89 and the average citations 

per document is 22.51. According to the Clarivate website, the keyword PLUS are words or phrases that 

frequently appear in the titles of an article's references, but do not appear in the title of the article itself. 
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3.2. Sources 

The most relevant sources are Neuroimage, Frontiers in Human Neurosciences, Scientific 

Reports, Psychophysiology and PLOS One with 780, 526, 446,425 and 371 articles. According to the 

Bradford’s Law, these first five journals plus Journal of Neuroscience, Neuropsychologia, Clinical 

Neurophysiology, Frontiers in Neuroscience, Journal of Cognitive Neuroscience and International 

Journal of Psychophysiology have 4,318 (34.00%) articles and they are categorized as the core sources. 

These articles came from 11 out of 1,125 sources and they have 12,062 out of 29,125 authors. The local 

impact of the first five journals is presented at Table 1.  

Table 1. The Local Impact by Journals and Indices. 

Sources 

Local Impact 
Number 

Papers 

Start 

Year H Index G Index M Index 
Total 

Citations 

NEUROIMAGE 87 135 4.57 31,446 780 2005 

JOURNAL OF NEUROSCIENCE 73 123 3.84 18,584 310 2005 

FRONTIERS IN HUMAN NEUROSCIENCE 53 90 3.53 12,074 526 2009 

PLOS ONE 50 79 2.94 9,755 371 2007 

PSYCHOPHYSIOLOGY 48 94 2.52 11,230 425 2005 

According to the definition of the Hirsch-index or H-index, “A scientist has index ℎ if ℎ of his 

or her 𝑁𝑝 papers have at least ℎ citations each and the other (𝑁𝑝 − ℎ) papers have fewer than ≤ ℎ 

citations each.” [37] The g-index is introduced as an improvement of the h-index to measure the 

global citation performance of a set of articles [38] It is the highest number 𝑔 of papers that together 

received 𝑔2  or more citations. The M-Index definition is “ ℎ𝑦  where ℎ = ℎ − 𝑖𝑛𝑑𝑒𝑥 , 𝑦 =𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑦𝑒𝑎𝑟𝑠 𝑠𝑖𝑛𝑐𝑒 𝑝𝑢𝑏𝑙𝑖𝑠ℎ𝑖𝑛𝑔 𝑡ℎ𝑒 𝑓𝑖𝑟𝑠𝑡 𝑝𝑎𝑝𝑒𝑟.” [39]. According to Table 1 , Neuroimage journal 

has the highest values of H-Index, G-Index ,and M-Index and total citations.  

3.3. Authors 

Some results of author analysis are not very reliable, because many author names have the same 

abbreviations especially in Chinese first and last names and their unique ORCID code is not available. 

Therefore, only related analysis was reported that the names are famous and related to the specific 

person.  

The 19,416 (66.7%), 4,432 (15.2%), 1,879 (6.5%) and 292 (1.0 %) authors have only 1, 2, 3 and 7 

articles, respectively. The most cited countries are the USA, Germany and the United Kingdom with 

93,093, 32,621 and 20,748 total citations, respectively. The collaboration network between universities 

is estimated and clustered with Walktrap method into 6 clusters. [40] According to Figure 2, the 

biggest cluster is yellow with the University of California San Diego (UC) where the Swartz Center 

for Computational Neuroscience located, the hosting lab of EEGLAB. The red, green and brown 

clusters have only German, Chinese and European countries universities, respectively. The clusters 

also have relationships between each other. The university name and their countries are listed in 

Table 2.  

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 16 October 2023                   doi:10.20944/preprints202310.0940.v1

https://doi.org/10.20944/preprints202310.0940.v1


 4 

 

 

Figure 2. Collaboration Network University (6 Clusters). 

Table 2. The Collaboration Network Universities. 

Row Cluster Color Universitas (Countries)* 

1 1 Red 

carl von ossietzky univ oldenburg (Germany), univ leipzig (Germany), 

humboldt univ (Germany), max planck inst human cognit and brain sci 

(Germany) 

2 2 Blue 

univ toronto (Canada), univ calif davis (USA), univ maryland (USA), 

univ cambridge (UK), univ wisconsin (USA), univ illinois (USA), univ 

tubingen (Germany), monash univ (Australia), univ minnesota (USA), 

univ british columbia (Canada), trinity coll dublin (Ireland), univ calif 

berkeley (USA), columbia univ (USA), univ florida (USA), shanghai 

jiao tong univ (China), vanderbilt univ (USA), univ tokyo (Japan), duke 

univ (USA) 

3 3 Green 
beijing normal univ (China), southwest univ (China), inst psychol (?), 

peking univ (China), shenzhen univ (China) 

4 4 Purple 
univ padua (Italy), mcgill univ (Canada), aix marseille univ (France), 

zhejiang univ (China), univ montreal (Canada) 

5 5 Orange 

univ calif san diego (USA), harvard med sch (USA), univ pittsburgh 

(USA), northwestern univ (USA), tel aviv univ (Israel), univ michigan 

(USA), univ calif los angeles (USA), univ calif san francisco (USA), natl 

chiao tung univ (Taiwan), yale univ (USA), harvard univ (USA) 

6 6 Brown 

univ zurich (Switzerland), univ helsinki (Finland), univ oxford (UK), 

radboud univ nijmegen (Netherlands), univ amsterdam(Netherlands), 

vrije univ amsterdam (Netherland), univ birmingham(UK) 

*Abbreviation name of universities (Country name) 

We also estimate the collaborations between countries. In this regard, we only consider 50 first 

countries and put them into 3 clusters based on the Wlaktrap algorithm:  

• Cluster 1: China, Japan, South Korea, Israel, India, Greece, Singapore, New Zealand, Malaysia, 

United Arab Emirates, Thailand, South Africa, Saudi Arabia, Pakistan, Bangladesh 

• Cluster 2: USA, Germany, United Kingdom, Canada, Italy, France, Australia, Netherlands, 

Spain, Switzerland, Belgium, Finland, Denmark, Iran, Brazil, Norway, Hungary, Ireland, 

Poland, Austria, Portugal, Russia, Sweden, Turkey, Czech Republic, Lithuania, Mexico, 

Slovenia, Estonia, Serbia, Cuba, Luxembourg 

• Cluster 3: Chile, Argentina, Colombia 
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3.4. Documents 

According to Table 3, “Global Citations (TC) means the Total Citations that an article, included 

in your collection, has received from documents indexed on a bibliographic database (WoS, Scopus, 

etc.).”, the applications such as FieldTrip [2], Brainstrom [41], ERPLAB [3] and MNE-Python [42] have 

the highest total citations. [35] 

Table 3. The Most Global Cited Documents. 

Row Ref Description Total Citations TC per Year Normalized TC 

1 [2] FieldTrip app 5,427 417.46 59.16 

2 [41] Brainstorm app 1,924 148.00 20.97 

3 [3] ERPLAB app 1,422 142.20 34.99 

4 [42] MNE-Python 1,099 99.91 25.83 

5 [43] ICA – artifacts 1,087 63.94 12.35 

6 [44] Event-related potentials 1,014 50.70 6.19 

7 [45] Video game training 934 84.91 21.95 

8 [46] MNE Processing 887 88.70 21.83 

9 [47] EEGNet Model 853 142.17 40.13 

10 [48] Coupling , EEG-fMRI 837 44.05 6.01 

According to Table 4, local citations are “the citations that a reference has received from 

documents included in your collection” [35], local to global ratio is above 50% for the ERPLAB app 

[3], ADJUST app [49], ICLabel app [4] and ICA and Blind Source Separation (BSS) [50].  

Table 4. The Most Local Cited Documents. 

Row Ref Description 
Publication 

Year 

Citations 

Local Global Ratio 

1 [3] ERPLAB app 2014 1215 1422 85.4 

2 [49] ADJUST app 2011 529 812 65.1 

3 [43] ICA – Artifacts Detection  2007 524 1087 48.2 

4 [44] ERP 2004 487 1014 48.0 

5 [4] ICLabel app 2019 392 501 78.2 

6 [50]  ICA and BSS 2012 311 536 58.0 

7 [51] multiple comparison correction 2011 296 716 41.3 

8 [48] Coupling EEG/fMRI 2005 233 837 27.8 

9 [52] log spectral ICA 2005 229 590 38.8 

10 [53] ERP - Theta band 2012 172 428 40.2 

According to Table 5, the most locally cited references are EEGLAB [1], FieldTrip[2] and 

Nonparametric statistical tests [54].  

Table 5. Most Local Cited References. 

Row Ref Description Total Citations 

1 [1] EEGLAB 12,700 

2 [2] FieldTrip 1,507 

3 [54] Nonparametric statistical tests 1,267 

4 [3] ERPLAB 1,215 

5 [55] ERP – P300 (P3a , P3b) 1,046 

6 [56] Handedness analysis 970 

7 [57] blind separation and deconvolution 914 

8 [58] Artifacts - blind source separation 837 

9 [59] ERP/ MEG synchronization and desynchronization 831 
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10 [60] Psychophysics Toolbox 797 

The Reference Publication Year Spectroscopy (RPYS) [61] is presented in the supplementary. The 

years before 1900 are omitted because the number of them is very neglect. The peak at 2004 is related 

to the [1] with about 32.4% of all 39,155 references in 2004. And the highest peaks is in 2012 and 2014 

with 40,360 and 40,431 references, respectively. The decline in the graph shows after 2014. 

The trend topic of keyword plus is plotted. (Figure 3) The dynamic, EEG and brain terms have 

the highest frequency in 2019, while safety, mini-mental state and attentional capture term have the 

highest frequency in 2022.  

 

Figure 3. The trend topic plot of keyword plus. 

The thematic map [62,63] of trigram words in abstracts is presented in Figure 4. It has four parts: 

1) Niche themes (low centrality and high density, limited importance) including Alternating Current 

Stimulation (tACS), Transcranial Current Stimulation (tDCS) and Rapid serial visual presentation 

(RSVP). 2) Emerging or declined themes (low centrality and low density, marginal) including Local 

Field Potential (LFP) and Deep brain stimulation. 3) Motor Themes (high centrality and high density, 

important for research) including Transcranial magnetic stimulation (TMS), Alzheimer diseases, mild 

cognitive impairment (MCI)and delta, theta, alpha. 4) Basic Themes (high centrality and low density, 

general topics) including Independent Component Analysis (ICA), Magnetic Resonance Imaging 

(MRI), Brain Computer Interface (BCI), Support Vector Machine (SVM), Event Related potential 

(ERP) and Mismatch negativity (MMN).  
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Figure 4. Thematic Map Trigram Word in Abstract. 

The co-citation network between authors shows the relationship between cited sources in the 

documents in two populations: 1) All sources in Figure 5 and Table 6 show three clusters. Dr. Arnaud 

Delorme is in the center of the authors. 2) Core sources based on the Bradford Law Zone (n = 4318) 

in Figure 6. It has 7 clusters with Dr. Scott Makeig and Dr. Arnaud Delorme in one cluster, Dr. Stefan 

Debener in other clusters and Dr. Mike X Cohen in another cluster. The other remaning clusters are 

shown in Figure 6.  

 

Figure 5. Co-Citation Network of Authors (3 Clusters). 

Table 6. Co-Citation Network. 

Row Clusters Author Name (last Name, abbreviated First Name) 

1 1 

delorme a, anonymous, klimesch w, pfurtscheller g, makeig s, oostenveld 

r, cohen mx, naatanen r, jung tp, maris e, jensen o, pascualmarqui rd, 

friston kj, benjamini y, buzsaki g, sauseng p, oldfield rc, bell aj, babiloni c, 

winkler i , tallonbaudry c, brainard dh, fries p, hanslmayr s, stam cj, 

onton j, engel ak, perrin f, kayser j, basar e, barry rj, knyazev gg, lehmann 

d 

2 2 
luck sj, polich j, kutas m, lopezcalderon j, cavanagh jf, eimer m, debener s, 

picton tw, dien j, dehaene s, hillyard sa 

3 3 hajcak g, holroyd cb, nieuwenhuis s, yeung n, falkenstein m, gehring wj 
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Figure 6. Co-Citation Network of Authors (7 Clusters) Core Sources – Bradford Law Zone (n = 4318). 

4. Conclusions 

Despite the emerging and the growth of open source Python and related MNE library [42] for 

computational neuroscience (with more than 2,000 Google citations ), EEGLAB has the highest 

number of google citations among similar software like SPM [64] (with more than 11,000 Google 

citations). Many global and famous universities and research institutes published research with 

EEGLAB in the USA, Europe, Canada, Japan, Australia and Russia. But it is not limited to developed 

countries, and many developing countries like China, India, Taiwan, Turkey, Iran, Saudi Arabia, 

Bangladesh, Brazil, Cuba, Argentina, Colombia, and many others use it in their scientific experiments 

and publications.  

One of the main limitations of this research is that it only considers the ISI-indexed articles. Still, 

due to the large number of research articles, it covers many important aspects of literature. The 

second limitation is that it is not about all computational neuroscience papers, but it is only about the 

papers that cited the EEGLAB and with a high probability have EEG datasets. For example, tDSC and 

tACS have existed in the niche theme of Figure 4, but they are growing topics in the neuroscience 

literature. [65,66]. The one direction for future research is bibliographic analysis of special statistical 

methods with EEGLAB and EEG datasets for example, machine learning methods such as support 

vector machine [67], dimension reduction methods such as ICA [43] , functional data analysis 

methods [68,69], and deep learning methods [17,70].  

Further analysis including world clouds, tree maps, bar charts of the most frequent words in 

keywords plus, keyword, title (unigram, bigram, trigram) and abstract (unigram, bigram, trigram) 

and many others are presented in the Supplementary Materials. 

Supplementary Materials: The following supporting information can be downloaded at the website of this 

paper posted on Preprints.org. It has two supplementary: 1) Further Analysis and 2) the bib file for reproducing 

results (~ size: 100 mb).  

Funding: This research did not receive any specific grant from funding agencies in the public, commercial, or 

not-for-profit sectors. 
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