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Abstract

:

Neurophysiological measures have been used in the field of education to improve our knowledge about the cognitive processes underlying learning. Furthermore, the combined use of different neuropsychological measures has deepened our understanding of these processes. The main objective of this systematic review is to provide a comprehensive picture of the use of integrated multichannel records in higher education. The bibliographic sources for the review were Web of Science, PsycINFO, Scopus, and Psicodoc databases. After a screening process by two independent reviewers, 10 articles were included according to prespecified inclusion criteria. In general, integrated recording of eye tracking and electroencephalograms were the most commonly used metrics, followed by integrated recording of eye tracking and electrodermal activity. Cognitive load was the most widely investigated learning-related cognitive process using integrated multichannel records. To date, most research has focused only on one neurophysiological measure. Furthermore, to our knowledge, no study has systematically investigated the use of integrated multichannel records in higher education. This systematic review provides a comprehensive picture of the current use of integrated multichannel records in higher education. Its findings may help design innovative educational programs, particularly in the online context. The findings provide a basis for future research and decision making regarding the use of integrated multichannel records in higher education.
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1. Introduction


Nowadays, new technologies play a fundamental role in optimizing the teaching-learning process [1,2]. Neurotechnology has emerged as a new technology with great potential in education, especially in remote learning environments [2]. Neurotechnology is used to record the physiological signals underlying students’ cognitive processes when interacting with learning activities [3,4,5,6]. The most widely used neurophysiological measures have been cognitive load, attention, and emotion because of their important role in student learning [6]. Various techniques have been used to collect and analyze these data from the Central Nervous System (CNS) and the Automatic Nervous System (ANS), such as electroencephalography (EEG), eye tracking, and galvanic skin response (GSR) [6,7,8].



Eye tracking is a method of measuring and recording the movements of the eyes in relation to an external stimulus [2,9], allowing us to observe the initial steps of human cognitive processing [10,11,12]. Furthermore, it is the most widely used technique for automated attention monitoring [7]. Eye tracking offers opportunities to better understand the role of visual processes in educational practice [10,13,14]. Applying it in virtual educational environments improves task performance and learning [9,10,14] and produces engagement [2]. In addition, eye tracking has been classified as a relatively unintrusive method [6].



In contrast, EEG monitors the electrical activity of the brain by recording waves that provide information about a person’s mental state [7,11,15,16,17]. Darvishi et al. [6] classified EEG as a moderately intrusive method because it can be used in two ways: by placing electrodes on the scalp [2,15,16] or using a headband, which has already been used in face-to-face training [2,4,18,19,20]. It is the most commonly used technique for evaluating brain activity because of its lower cost [2,16,21], non-invasiveness [22], and suitability for education [7,23]. Other advantages are its portability [3,15,18], ease of use [15], silence, absence of claustrophobia, non-ionization [16], and high temporal resolution [4,18]. Furthermore, it has been used to assess cognitive load [4,5,20,24,25], test the effectiveness of different learning strategies [5], evaluate effectiveness in different learning modalities [4,23], and measure cognitive load in both traditional face-to-face learning and online education [20]. In addition, each EEG is individual [26,27] because brain activity can be influenced by many genetic and non-genetic factors, such as stress [15]. However, it has not yet been used in remote learning [2].



Electrodermal activity is recorded by GSR. This is a biometric measure for collecting and monitoring a participant’s emotional intensity or arousal [28,29]. GSR evaluates the electrical characteristics of the skin and its changes in relation to the ANS [3,6,30]. Darvishi et al. [6] classified it as a highly intrusive measure due to its placement on a specific area of the participants’ bodies.



The use of these types of measures in integrated multichannel records has increased over recent years as researchers adopt a multimodal approach [13,25,30,31,32]. This increase is related to improved observations providing a deeper understanding of subconscious processes [24,33] and recent technical advances that make these instruments increasingly reliable, portable, and affordable [6,13,21,30]. Despite that, one of the biggest disadvantages of these techniques is the huge amount of data that they collect, which must be processed and analyzed [15,21,24,27,30,34]. That means that supervised (prediction and classification) and unsupervised (clustering) machine learning techniques must be used for processing [14,23,35], and analysis requires the use of data fusion techniques [35,36].



The Brain–Computer Interface (BCI) is also an emerging multidisciplinary technology, where the brain is directly connected to devices [26,37] to measure brain activity [7,24,27,36]. In combination with new sensor technologies, it offers innovative ways for measuring and monitoring student performance, even allowing us to provide neurofeedback to students [2,38].



Other disadvantages of neurophysiological measures are related to the specific characteristics of the novel sensor devices, such as intrusiveness [6,15,22], interference in the classroom [2,15], difficulties of remote application in e-learning students [2], and the high cost of newer technologies [2,16,21]. Technological advances are resolving many of these limitations, but they must still be considered when choosing the most appropriate technique according to the learning conditions and the study objective.



In conclusion, multichannel integration of different neurophysiological records is a challenge and an opportunity for psychology [39], especially in learning contexts [21,38,40]. The simultaneous use of a variety of physiological signals allows us to improve our understanding and knowledge of learning processes with the aim of optimizing results [4,18]. Their advantages include increased reliability of the data obtained on information processing, learning strategies, and student behavior during the performance of a given activity [25,30,31]. This technology is also a great opportunity to provide individualized solutions for each student [2,9,13,14,33].



To the best of our knowledge, this is one of the first studies combining “integrated multichannel records” and “higher education” through a systematic literature review to understand recent developments and the progression of research in the educational field. Therefore, the main objective of this systematic review is to analyze the existing literature on the use of integrated multichannel records in learning studies in higher education during the last 10 years. In this regard, the following research questions are addressed:




	
What is the general state of scientific research on the use of multichannel records in learning studies in higher education?



	
How have these technologies been used over the last 10 years in higher education?








The remainder of the article is structured as follows. Section 2 presents the materials and methodology applied to perform the systematic review. Section 3 presents the results of this study. Section 4 discusses this study, in terms of findings, implications for future research, and limitations of the systematic review. Section 5 provides the conclusions of this study and offers suggestions for further research.




2. Materials and Methods


A systematic review of the literature was performed following an explicit, systematic search strategy with inclusion and exclusion criteria. The review process followed the recommendations of the PRISMA Statement [41].



2.1. Search Strategy


The selected databases were Web of Science (WOS), Scopus, PsycINFO, and Psicodoc. The research string was applied to the four international databases in the fields title, abstract, and keywords (see Table 1). The inquiry process included the keywords presented in Table 1 in the search terms column using “AND” between the terms of the different topics and “OR” between the terms of the same topic. The literature search was conducted between January 2013 and November 2023, with an initial identification of 90 records.



In the second stage, the 90 identified documents were exported to Rayyan meta-analysis software. Rayyan is a free application that helps in the first stages of a systematic review by detecting duplicates in the different databases and assisting in selection, as well as allowing collaboration [42]. The search for duplicates led to the elimination of 18 articles.




2.2. Inclusion and Exclusion Criteria


After eliminating duplicate studies (n = 20), two independent reviewers screened titles and abstracts according to the prespecified inclusion and exclusion criteria (see Table 2). The selected articles were fully evaluated by the same independent reviewers to ensure objectivity and minimize bias during the selection process. It was decided to limit the search to articles published in the last 10 years, from January 2013 to November 2023.




2.3. Methodological Quality Assessment


Quality assessment is an integral part of any systematic review to identify and evaluate all available research evidence relating to the objective of the review [43]. The 10 articles finally included were assessed in terms of methodological quality in order to avoid possible bias. The included studies were critically and independently examined by two reviewers using an eleven-item checklist developed by Aromataris and Munn [44]. The Johanna Briggs Checklist (JBI) is a tool used to evaluate the methodological quality of research studies that consists of a set of criteria used to determine the rigor and validity of a study [45]. The checklist encompassed the following evaluation criteria:




	-

	
The objective of the research is clearly specified;




	-

	
Addresses the use of integrated multichannel records in learning studies;




	-

	
The results are useful for the research community;




	-

	
The authors’ conclusions are supported by the data;




	-

	
Recommendations are made for future research.









No studies were excluded due to quality issues based on the JBI checklist.




2.4. Selection of Studies


A total of 90 records were identified across the 4 electronic databases (WOS, Scopus, PsycINFO, and Psicodoc). After deleting duplicate records (n = 20), the studies were screened by two independent reviewers in the title and abstract phase to evaluate eligibility (n = 70). A total of 59 studies were excluded for not meeting the prespecified inclusion criteria. The same independent reviewers assessed by full text reading the remaining 11 articles. Finally, a total of 10 studies were eligible for inclusion in the review. Figure 1 represents a diagram of the record selection process followed based on the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines [41].




2.5. Data Extraction and Analysis


In order to address the proposed research questions, we carried out content analysis combining qualitative and quantitative approaches to the 10 search studies obtained. Data related to the year and country of publication, progression over time, and participants were analyzed using quantitative methods, such as means and percentages. The quantitative analysis allowed us to visualize and understand general aspects of the topic through descriptive graphs. For the qualitative analysis, we analyzed the contents of the documents considering the objectives, population, neurotechnologies used, metrics used, and main conclusions of each study.





3. Results


Once the studies related to the use of integrated multichannel records in learning studies in higher education were collected, a total of 10 relevant articles were selected for this systematic review. The main characteristics of the studies included in this review are provided in Table 3.



The review shows that 50% of the studies were published in 2023, which is the highest percentage. At the beginning of the period reviewed, in 2013, no articles were published. The oldest article is from 2017, and the number of publications grew between 2017 and 2023.



Half of the studies were published in China [4,46,48,51,53]. Asia is the continent with the largest proportion of publications, with five studies published in China [4,46,49,51,53] and one in Turkey [50], representing 60% of the articles selected in the sample. The second-highest number of publications was in the USA (20%) [47,52]. Finally, two articles in the last 10 years were published in Europe (20%): one in Spain in 2023 [3] and another in Denmark in 2019 [49].



The largest sample in the studies was 78 subjects [49], while the smallest sample had 10 participants [47]. The total number of participants in the selected studies was 416 subjects (M = 41.6, SD = 24.4). The percentage of women in the sample ranged between 20% [47] and 80% [52]. However, half of the studies [3,48,50,51,53] had samples with 50% women.



Table 4 presents the results of this review in terms of objectives, biometric techniques used, cognitive processes analyzed, and main conclusions.



Looking at the methodology used in the selected articles, there were five types of sensor devices used: eye tracking, EEG, GSR, HRV, and fNIR. All of the studies used eye tracking. The second most commonly used measurement technique was EEG [3,4,46,47,48,49,50,51,53], followed by GSR [3,52], HRV [47,52], and, finally, fNIR, which was only used in one study [52]. In terms of multichannel integration of measurements, the reviewed studies used between two and four techniques simultaneously. However, the most frequent combination was using two measurement techniques simultaneously (70%) [3,46,48,49,50,51,53] followed by three measurement techniques (20%) [3,47], and, finally, four techniques simultaneously (10%) [52].



In response to the main objective of this systematic review, Table 5 summarizes the data relating to the simultaneous use of the various neurophysiological records. The most common combination of sensor devices used together was eye tracking and EEG (n = 9). One of the studies used eye tracking, GSR, and EEG [3], another used eye tracking, EEG, and HRV [47], and another used eye tracking, GSR, fNIR, and HRV [52].



In addition, the 10 studies selected in the review examined a total of 11 cognitive processes, which were attention, cognitive load, interest, stress, engagement, cognitive processing, recognition, visual search, reading comprehension, affective responses, and attitudinal and behavioral intention responses. Of the ten selected studies, four had a single cognitive process as the object of study (40%) [4,46,48,53], another four had two cognitive processes as the object of study (40%) [4,46,49,53], one study examined three cognitive processes (10%) [52], and another study simultaneously examined four cognitive processes (10%) [3]. Table 6 summarizes the cognitive processes studied simultaneously in the studies selected for the review.



We performed a qualitative analysis considering the main objectives identified after reading the selected articles to understand current research trends in integrated multichannel records in higher education. The most common objective was to investigate how cognitive processes occur when subjects are faced with certain activities or tasks (60%) [4,48,49,51,52,53]. One study aimed to investigate the integration of EEG and eye tracking [48], another investigated brain interaction patterns [51], and two studies examined cognitive load in multitasking requirements [47] and reading comprehension [53]. Half of the studies focused on online or remote learning through video conferencing [46], multimedia environments [4,49,50], or virtual reality [52]. Additionally, only one study compared online and in-person learning processes [3]. Moreover, none of the selected studies sought to replicate other studies or apply the conclusions of previous studies.



Finally, the study conclusions focused on the specific tasks proposed in this study. Liu et al. [4] concluded that color coding has benefits in multimedia learning, while Zhang and Liu [53] noted a positive effect of multi-screen presentations on students’ comprehension and attention. Cao et al. [46] concluded that the presence of teachers in material designed for remote learning influenced student concentration and attention, while students’ perceived satisfaction was related to their learning. Considering biometric measures, Lim et al. [47] found differences in multitasking requirements and task difficulty in EEG and eye tracking, while HRV only exhibited differences in multitasking requirements, and Slevitch et al. [52] found differences in arousal, immersion, and engagement. Despite all of that, Juárez-Varón et al. [3] concluded that online learning was less effective in terms of brain signals. Furthermore, Makransky et al. [49] noted that subjective and objective measures can provide a better understanding of the mechanisms underlying learning, while Mutlu-Bayraktar et al. [50] confirmed the relationship between fixations and frequency bands but not between self-reported measures and biometric measures. This is consistent with Slevitch et al. [52], who only found differences in self-reporting in the temporal dimension. Other studies on visual tasks found gender differences [51] and a higher level of processing in materials with text than with images [48], although Zhang and Liu [53] concluded that subjects showed greater interest in materials with text or text and images than in just images. In sum, the conclusions of the different studies have direct applications to educational practice.




4. Discussion


We performed a systematic review of integrated multichannel records in learning studies in higher education over the last 10 years. In response to the first research question about the general state of scientific research, half of the studies reviewed were published in the previous year (2023). This review shows an increase in studies over the last 10 years, especially since the COVID-19 pandemic, although Jamil et al. (2021) have already noted a growth in the number of publications from 2011 to 2018. The reasons behind this include improvements in neurophysiological sensors and increased interest in online and hybrid training following the COVID-19 pandemic [2,18,20].



According to Darvishi et al. [6], the most common objective in studies between 2014 and 2018 was to monitor participants. This may have evolved with the incorporation of different neurophysiological metrics seeking deeper knowledge of students’ cognitive processes during the learning process. Our results between 2013 and 2023 in integrated multichannel records indicate that the most common objective is to understand how cognitive processes occur when subjects are faced with certain activities or tasks, regardless of students’ areas of knowledge. Furthermore, Jamil et al. (2021) found an increase in studies with university students since 2012 contributing to the development of BCI and education. That progress has not stopped, as the use of neurophysiological measurement in the context of education is increasing. However, it is still in the early stages of development in terms of its application to higher education and the reproducibility of experiments [6]. In this regard, our review did not find any studies reproducing or applying conclusions from previous research in terms of verifying improvements in learning.



The samples in the studies we reviewed ranged between 10 and 78 subjects, although half of the studies had between 10 and 34. Many authors noted the small number of participants as a limitation in studies with biometric measures [6,22,30,40]. This is also related to other previously noted limitations, such as the majority of subjects not having disabilities [7,16,37] and university students being the largest group being studied [3]. In terms of gender balance in the samples, most had at least half of their sample made up of women [3,46,48,49,50,51,52,53]. Despite this, Quian et al. [51] noted the existence of potential gender differences in visual search tasks. Future studies need to explore this more deeply by differentiating data collected from men and women [11,34].



Regarding the second research question about the use of these technologies over the last 10 years in higher education, the results of our review are consistent with Darvishi et al. [6]. EEG and eye tracking were the most common combination of measurement with neurotechnology devices. This may be because both devices are suitable for face-to-face and online education as they are portable and non-invasive. In contrast, sensors such as the fNRI mean higher costs and are more invasive, which may explain their lower levels of use in educational environments. According to Darvishi et al. [6], the constructs that were researched least between 2014 and 2018 were meta-cognitive related. On the other hand, if we talk about the use of neurophysiological measurements, the most often studied cognitive process was attention [7,12], and regarding affective factors, motivation and interest [7]. In the present review, we also found that cognitive constructs, such as cognitive load and attention, were studied more. Looking at cognitive processes being examined simultaneously, we found only one study in which attention and cognitive load were investigated together [46], although these were the main processes investigated with eye tracking and EEG. Following these indications, both attention and cognitive load will be important factors as online education becomes the norm [7,14,18,20].



Finally, research objectives have evolved. Since COVID-19, there has been a greater specialization of research seeking to understand very specific aspects of learning, with objectives such as recording and analyzing [3], understanding requirements [47], and comparing [50]. This is in contrast to studies before 2020, which had more general objectives, such as relatively superficial examinations [46]. This is reflected in the cognitive processes being studied, with a pattern over recent years of increased attention to cognitive processes related to motivational aspects [3,52].



The review has highlighted some of the future challenges in integrating multichannel records in higher education. Chief among them are the difficulties in analyzing and interpreting the data. In this regard, Darvishi et al. [6] emphasized challenges and concerns related to the accuracy and validity of the constructs captured. Another keenly felt need is research on the intrusiveness of measurement instruments [6]. This requires studies that combine these technologies with qualitative surveys to understand user perceptions and record future improvements to each technology [3]. Lastly, more research in real classrooms is needed to understand the role of joint attention during teaching and learning [3,4,10,13,17,18,20], and more research is needed to detect possible differences between laboratory studies and studies in in-person settings [21] in order to provide evidence on the viability of these metrics.



Following these lines, when it comes to online training, this study provides a basis for future research both in virtual or hybrid educational environments and in the design of teaching materials. The articles included in the review reflect specific aspects that can improve learning in higher education environments, such as color coding [4], the type of teaching materials provided to students [45,52], and the evaluation and planning of the workload in multitasking requirements [47]. Future studies should follow this line of applied research that allows the resulting knowledge and improvements to be transferred to online and in-person pedagogical practices.



In this regard, these instruments are expected to improve through research and technological advances. Their development over recent years and implementation in the educational field demonstrate both their usability and their research possibilities. Furthermore, we expect the development of neurophysiological measurement instruments to continue to improve in terms of suitability for in-person and online use in higher education. In addition, advances in BCI and data mining techniques [12,32] will potentially improve data extraction and analysis of results in the coming years.



It is important to consider this review in light of its limitations. It is possible that potential studies may have been left out of the selection, although using other libraries may only result in duplicate studies. Another potential limitation is the inclusion criteria for this review, which focused only on students in higher education, leaving out studies that included other types of participants, such as school students. Nevertheless, the hybrid method should be used at other educational levels. Additionally, the articles included in this systematic review covered only the last 10 years. Future studies should consider other periods of time or compare the development of the use of integrated multichannel records before and after the COVID-19 pandemic.




5. Conclusions


This systematic review has shown that research on the use of integrated multichannel records in learning studies in higher education is still scarce. This may be due to the notable requirements in terms of data analysis. In any case, the combined use of different neurophysiological devices in education has emerged as an innovative and promising methodology that seeks to improve knowledge about cognitive processes during learning.



In general, integrated recording of eye tracking and electroencephalograms are the most widely used metrics, followed by integrated recording of eye tracking and electrodermal activity. These techniques are minimally intrusive and that advantage, along with recent advances in portability, make them extremely well suited to application in online and in-person classes. Moreover, they offer information on important aspects of virtual platforms, such as visual attention, interest, and motivation.



On the other hand, cognitive load is the learning-related cognitive process that is most commonly studied using integrated multichannel records. Understanding different educational materials’ cognitive loads for each student allows the teacher to improve the design of the materials and personalize them according to each student’s individual learning characteristics. In addition, cognitive load and attention—which was the second most studied process in this review—are key cognitive processes in remote learning.



In this regard, although neurophysiological sensors are not new, recording neurophysiological information through multichannel recordings provides an opportunity to improve knowledge about cognitive processes during learning in order to design innovative educational programs, especially in the online context. Therefore, it is important to continue researching the potential of integrated multichannel records and their application in higher education, both in face-to-face contexts and, especially, in online learning.



This systematic review is a brief update on the use of integrated multichannel records in higher education. It aims to offer a thorough picture of the current situation that can serve as a basis for future studies on learning in higher education. It also provides a summary of practical evidence to aid the design of innovative educational programs, especially in online or hybrid training.
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Figure 1. Flowchart of the study selection process. 
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Table 1. Search strategy.
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	Topic
	Search Terms





	Eye tracking
	“eye tracking” OR “eye-tracking” OR “seguimiento ocular”



	Galvanic skin response
	“GSR” OR “respuesta galvánica de la piel” OR “galvanic skin response” OR “actividad electrodérmica” OR “electrodermal activity” OR “conductancia de la piel” OR “skin conductance”



	Electroencephalogram
	“EEG” OR “electroencefalograma” OR “electroencephalogram” OR “electroencefalografía” OR “electroencephalography”



	Higher education
	“educación superior” OR “higher education” OR “college student*” OR “college” OR “university”










 





Table 2. Inclusion and exclusion criteria.
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	Inclusion Criteria
	Exclusion Criteria





	Publication period
	Published between 2013 and the present (November 2023)
	Published before 2013



	Population
	Higher education students
	Population other than higher education students



	Methodology
	Use of at least two neurotechnological instruments to extract data
	Use of other instruments or just one neurotechnological device



	Research topic
	Educational context
	Fields other than education










 





Table 3. Characteristics of the studies included in the review: country and sample.
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	Authors/Year
	Country
	N
	Women (%)
	Age

(M, SD/Range)

(Years)





	Cao et al. (2019) [46]
	China
	62
	59.7%
	-



	Juárez-Varón et al. (2023) [3]
	Spain
	20
	50%
	22–25



	Lim et al. (2023) [47]
	United States of America (USA)
	10
	20%
	25 (1.2)



	Liu et al. (2021) [4]
	China
	42
	38.1%
	20.81 (1.13)



	Luo et al. (2023) [48]
	China
	20
	50%
	19–24



	Makransky et al. (2019) [49]
	Denmark
	78
	60.3%
	23.59 (3.46)

19–45



	Mutlu-Bayraktar et al. (2023) [50]
	Turkey
	20
	50%
	20.5 (3.45)

19–34



	Quian et al. (2023) [51]
	China
	70
	50%
	22.4 (2.3)



	Slevitch et al. (2022) [52]
	USA
	60
	80%
	-



	Zhang and Liu (2017) [53]
	China
	34
	50%
	-







M = mean age; SD = standard deviation.













 





Table 4. Characteristics of the studies included in the review: objective, biometric techniques used, cognitive processes analyzed, and main conclusion.
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	Authors/Year
	General Objective
	Biometric Techniques Used
	Cognitive Processes Analyzed
	Main Conclusion





	Cao et al. (2019) [46]
	Examining the effect of different lecture video types on student learning
	Eye tracking

EEG
	Attention

Cognitive load
	The presence of teachers influences student concentration and attention, and perceived satisfaction is related to student learning



	Juárez-Varón et al. (2023) [3]
	Record and analyze the effect of relevant variables in the learning process in in-person and online contexts
	Eye tracking

GSR

EEG
	Attention

Interest

Stress

Engagement
	Less effectiveness of online learning compared to in-person learning in terms of brain signals



	Lim et al. (2023) [47]
	Understand how multitasking requirements contribute to the prediction of cognitive load in robot-assisted surgery under different task difficulties
	Eye tracking

EEG

Heart Rate Variability (HVR)
	Cognitive load
	EEG and eye tracking measures differ in different multitasking difficulties and requirements, but HRV only provides significant differences in multitasking requirements



	Liu et al. (2021) [4]
	Determine the effect of color coding on learning programming in multimedia learning
	Eye tracking

EEG
	Cognitive load

Cognitive processing
	There are benefits to using color coding when learning programming during multimedia learning



	Luo et al. (2023) [48]
	Investigate the fusion methods between EEG and eye tracking in Rapid Serial Visual Presentations (RSVPs)
	Eye tracking

EEG
	Recognition

Cognitive load
	The higher complexity of pictures (words and numbers vs. pictures) required a higher level of cognitive process



	Makransky et al. (2019) [49]
	Investigate the potential of combining subjective and objective measures of learning processes in multimedia learning
	Eye tracking

EEG
	Cognitive load

Cognitive processing
	Subjective and objective measures of cognitive load can provide different information to test the theoretical mechanisms involved in multimedia learning



	Mutlu-Bayraktar et al. (2023) [50]
	Compare subjective and objective cognitive load measurements in a multimedia learning environment
	Eye tracking

EEG
	Cognitive load
	A relationship was found between fixations and EEG frequency bands, but not between self-reported measures and biometric measures



	Quian et al. (2023) [51]
	Investigate brain interaction patterns during the visual search process
	Eye tracking

EEG
	Visual search (perception)
	Potential gender differences in visual search tasks



	Slevitch et al. (2022) [52]
	Provide more empirical evidence and investigate whether more immersive and engaging 360° virtual reality (VR) images would be more effective than static VR images in hotel promotions
	Eye tracking

Functional Near-Infrared Spectroscopy (fNIR)

GSR

HRV
	Cognitive load

Affective responses

Attitudinal and behavioral intention responses
	Differences in arousal reflect greater immersion and engagement in 360° VR images, but no differences were found using self-report measures, except in the temporal dimension of cognitive load



	Zhang and Liu (2017) [53]
	Investigate students’ reading comprehension and changes in cognitive load with a multi-screen presentation system
	Eye tracking

EEG
	Reading comprehension

Cognitive load
	The multi-screen presentation system has a positive effect on comprehension and attention levels. The text-only and text-image formats attracted more attention and took more time than the image-only format in both presentations










 





Table 5. Simultaneous use of integrated multichannel records in the selection.
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	EEG
	9
	
	
	



	GSR
	2
	2
	
	



	HRV
	2
	1
	1
	



	fNRI
	1
	0
	1
	1



	
	Eye tracking
	EEG
	GSR
	HRV










 





Table 6. Cognitive processes investigated simultaneously in the selected studies.
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	Cognitive Processes
	Attention
	Cognitive Load





	Cognitive load
	1
	-



	Stress
	1
	



	Interest
	1
	



	Engagement
	1
	



	Cognitive processing
	
	1



	Recognition
	
	1



	Visual search
	-
	-



	Reading comprehension
	
	1



	Affective responses
	
	1



	Attitudinal and behavioral intention responses
	
	1
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