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ABSTRACT

The purpose of this study was to examine neuroimaging technologies for quantifying cognitive load 
in intelligent interactive multimedia systems for experimental applications by conducting a systematic 
review of all relevant papers published up to April 2020. The study’s most striking finding is that elec-
troencephalography, functional magnetic resonance imaging, functional near-infrared spectroscopy, and 
transcranial doppler ultrasonography are the most frequently used neuroimaging equipment in cogni-
tive load research in multimedia learning. Forty papers were selected depending on the equipment that 
should be understood in the field of neuroimaging in examining cognitive load in multimedia learning, 
the benefits and drawbacks of neuroimaging devices, and the experimental protocol for cognitive load 
in multimedia research. The study’s findings were analyzed, and numerous discrepancies in the research 
on cognitive load and multimedia learning were discovered.
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INTRODUCTION

Cognitive Load (CL) Theory is a significant framework that gives instruction recommendations based 
on current knowledge about human cognition (Sweller, 2020). The theory intends to identify the ways 
information processing load inducted by learning tasks affects students’ ability to process new infor-
mation and construct it in long-term memory (Sweller, J., van Merriënboer, J. J. G., & Paas, F., 2019). 
According to the theory, any new information is primarily processed by working memory and stored 
in unlimited long-term memory (Anmarkrud, Ø., Andresen, A., & Bråten, I., 2019) (Sweller, J., van 
Merriënboer, J. J. G., & Paas, F., 2019). Working memory capacity is assumed to be limited (Baddeley 
A., 2012), and only limited items can be processed at a time (Cowan, N., 2001) (Miller, G. A., 1956). 
Cognitive overload occurs when the learner exceeds the working memory’s capacity, restricted to pro-
cessing the information. The CL theory thus aims to prevent this problem by efficiently designing the 
learning environment to optimize the limited working capacity and enhance the acquisition of knowledge 
(Sweller, J., van Merrienboer, J. J. G., & Paas, F., 1998).

CL Theory assumes three types of CL; extraneous CL, intrinsic CL, and germane CL (Paas, F., Renkl, 
A., & Sweller, J. C, 2003). The intrinsic CL increases with the large number of elements coming to the 
working memory for schema construction (element interactivity) to be processed simultaneously. The 
extraneous CL is explained with multimedia objects and design, and it results from inadequately designed 
learning materials. On the other hand, the degree of mental effort with schemas construction is related 
to germane load. And it is relevant to motivation and interest factors (Sweller, J., 2010) (Sweller, 2020). 
The intrinsic and extraneous CL reflect design factors, and those differ from the germane load, which 
would be explained in terms of subjective experiences. The revised CL theory model (Sweller, 2020) 
includes just two types: extraneous and intrinsic load. The deactivation of the germane load was because 
of the close interaction between the intrinsic and germane CLs, which resulted in the incapability to 
differentiate the distinctive impact of different factors on the overall CL. The germane CL is still known 
to be germane resources representing the amount of working memory capacity allocated to learning. 
Besides, CL triggered by the pertinent information processing and learning strategies is integrated into 
CL factor (Korbach, A., Brünken, R., & Park, B., 2017).

CL theory is primarily concerned with enhancing complex cognitive tasks by transforming current 
scientific knowledge to make the cognitive structures and process the guidelines for instructional design 
(Sweller, J., van Merriënboer, J. J. G., & Paas, F., 2019). Therefore, it has contributed to the field of 
multimedia learning as well. Multimedia learning happens when mental representations are constructed 
through pictures and words (Mayer, R., 2014b). While words could be in printed (e.g., on-screen text) 
or verbal (e.g., narration) forms, the pictures could be in static (graphs, illustrations, photos, charts, or 
maps) or dynamic (e.g., video, animation, or interactive illustrations) forms (Mayer, R. E., Moreno, R., 
2003). The instructional design utilized in multimedia learning should be appropriate for the individual’s 
cognitive processing, and it should avoid overloading memory during learning. The Cognitive Theory 
of Multimedia learning is built on CL theory and formed based on previous studies. The ways individu-
als process information and learn through multimedia approaches are addressed in theory (Mayer, R., 
2014a) which includes three basic assumptions:

1)  processing visual and audio information is performed through separate channels,
2)  there is a limited amount of information per unit of time for each channel, and



 

 

12 more pages are available in the full version of this document, which may

be purchased using the "Add to Cart" button on the publisher's webpage:

www.igi-global.com/chapter/a-review-for-neuroimaging-techniques-in-

multimedia-learning/320348

Related Content

Optimal Reliability-Based Design Using Support Vector Machines and Artificial Life Algorithms
Jorge Hurtado (2007). Intelligent Computational Paradigms in Earthquake Engineering (pp. 59-79).

www.irma-international.org/chapter/optimal-reliability-based-design-using/24196

Heavy Metal Pollution: A Global Pollutant of Rising Concern
Ashita Sharma, Mandeep Kaur, Jatinder Kaur Katnoriaand Avinash Kaur Nagpal (2016). Toxicity and

Waste Management Using Bioremediation (pp. 1-26).

www.irma-international.org/chapter/heavy-metal-pollution/141791

Wind Effect on Pedestrian Activities and Motion Patterns: Istanbul Bilgi University Central

Campus, Istanbul, Turkey
Abdalrahman T. Y. Alashi, Turgay Kerem Koramaz, Dilek Yildiz Ozkanand Özhan Ertekin (2022).

Remapping Urban Heat Island Atlases in Regenerative Cities (pp. 208-230).

www.irma-international.org/chapter/wind-effect-on-pedestrian-activities-and-motion-patterns/304995

Numerical Prediction of Rock Fracturing During the Process of Excavation
Zhangtao Zhou, Zheming Zhu, XinXing Jinand Hao Tang (2012). Geotechnical Applications for Earthquake

Engineering: Research Advancements  (pp. 225-237).

www.irma-international.org/chapter/numerical-prediction-rock-fracturing-during/65189

Clustering Based Sampling for Learning from Unbalanced Seismic Data Set
Mohamed Elhadi Rahmani, Abdelmalek Amineand Reda Mohamed Hamou (2017). International Journal of

Geotechnical Earthquake Engineering (pp. 1-22).

www.irma-international.org/article/clustering-based-sampling-for-learning-from-unbalanced-seismic-data-set/194988

http://www.igi-global.com/chapter/a-review-for-neuroimaging-techniques-in-multimedia-learning/320348
http://www.igi-global.com/chapter/a-review-for-neuroimaging-techniques-in-multimedia-learning/320348
http://www.irma-international.org/chapter/optimal-reliability-based-design-using/24196
http://www.irma-international.org/chapter/heavy-metal-pollution/141791
http://www.irma-international.org/chapter/wind-effect-on-pedestrian-activities-and-motion-patterns/304995
http://www.irma-international.org/chapter/numerical-prediction-rock-fracturing-during/65189
http://www.irma-international.org/article/clustering-based-sampling-for-learning-from-unbalanced-seismic-data-set/194988

