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Abstract. The latest advances in cognitive science have had a meaningful impact 

on the design and implementation of e-learning systems. Cognitive data pro-

cessing models and emerging cognitive models, which are fundamental elements 

in cognitive science, are essential tools for understanding and modeling human 

cognition, as well as for designing technologies and environments that enhance 

our understanding and usage. Moreover, combining these different models in the 

design, implementation, management, and evaluation of e-learning experiences 

can leverage the strengths of each to create more effective and adaptive online 

learning environments. By utilizing a comparative and cross-analytical method-

ology to examine various information processing models and emerging cognitive 

models, as referenced in 35 Scopus research articles, and by considering the char-

acteristics and empirical evidence of each model, we have pinpointed the key 

components of a unified model. This model integrates the strengths of each model 

to create an optimized and adaptive framework for the design of an e-learning 

system. 

Keywords: Cognitive Sciences; Information Processing Models, Emerging 

Cognitive Models; Unified Model; E-learning. 

1 Introduction 

The emergence of cognitive sciences has profoundly transformed our understanding of 

how individuals learn. By integrating knowledge and perspectives from disciplines 

such as cognitive psychology, neuroscience, artificial intelligence, and linguistics, cog-

nitive sciences allow us to better grasp the underlying mechanisms of human learning. 

These advancements have had a significant impact on the design and implementation 

of e-learning systems, as evidenced by numerous studies [1, 2 & 3]. Indeed, with a 

better understanding of the cognitive processes involved in learning, designers can de-

velop more effective, adaptive, and learner-centered online learning environments. 

Furthermore, cognitive sciences have also stimulated the development of new edu-

cational technologies, such as adaptive learning environments, simulations, and serious
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games, which leverage our understanding of human cognition to create more interactive 

and immersive learning experiences. 

Cognitive information processing models and emerging cognitive models, which are 

fundamental elements in cognitive sciences, are essential tools for understanding and 

modeling human cognition, as well as for designing technologies and environments that 

enhance our understanding and use of computing. Their implications in the design of 

e-learning systems are the subject of several studies aimed at deducing new perspec-

tives in improving e-learning [4, 5 & 6]. By analyzing how learners process, store, and 

retrieve information, these models provide solid foundations for designing more effec-

tive and adaptive online learning environments. While cognitive information pro-

cessing models focus on the manipulation of information in the brain, emerging cogni-

tive models adopt a broader perspective by considering cognition as an emergent phe-

nomenon resulting from multiple complex interactions. 

Specialized literature reveals numerous studies related to the integration of different 

cognitive information processing models in the design of e-learning systems and their 

impacts on the effectiveness of these systems, both in the design phase and in the im-

plementation and evaluation phases. 

The information processing model of the human mind is widely used in the design 

of e-learning experiences, particularly in considering the cognitive load of the learner 

during the design of online courses [7, 8, 9, 10, 11, 12 & 13]. Other studies focus on 

the implication of this model for the design of online courses by emphasizing content 

segmentation, feedback provision, content adaptation, etc.[14] 

The serial information processing model has been applied to the design of online 

educational materials [15] and to the design of online training programs [11]. 

The parallel information processing model has been used as a theoretical framework 

for integrating multimedia approaches [16]. Smith & Johnson [17] present a study 

showing how the design of online courses can benefit from the parallel information 

processing model to enhance the effectiveness of online learning. The authors examine 

different pedagogical strategies that allow learners to simultaneously process complex 

and varied information. 

A considerable body of research has concentrated on the application of connectionist 

models within e-learning. These studies have delved into the critical features of con-

nectionist systems and their foundational role in crafting online learning environments. 

Additionally, there has been a significant investigative focus on various strategies for 

personalization in e-learning settings that are enhanced by neural networks [18, 19 & 

20]. 

As for the deep learning model, it is now widely used in the development of intelli-

gent machine learning. This model is used for the development of personalized online 

learning recommendation systems [21, 22, 23 & 24]. All these studies have shown the 

importance of the model in designing effective personalized, automatic, and adaptive 

learning experiences. 

The design of adaptive online learning systems has greatly benefited from the emer-

gence of the distributed information processing model. Studies on the subject are in-

creasingly evolving, testifying to the importance of this model in improving the adap-
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tation of learning. Studies conducted by [25, 26, 27 & 28], explore the use of the dis-

tributed information processing model to enhance the adaptation of online learning sys-

tems to the individual needs of learners. 

Works by [29, 30 & 31] are just examples of studies exploring the emerging cogni-

tive model of embodiment and enaction in the design of online virtual learning envi-

ronments . The use of such a model allows the authors to examine how learners con-

struct their identity and understanding through online interactions. 

However, some studies have focused on the implication of combined models in the 

design of online learning experiences. Van Merrienboer & Kirschner [8] present a com-

plex learning approach that integrates connectionist and distributed information pro-

cessing models. The authors discuss design principles for online learning and propose 

strategies for designing effective learning environments that integrate these models. 

Kalyga & al [32] examine connectionist and distributed processing models that underlie 

cognitive load and its application to the design of online learning materials that reduce 

cognitive load and enhance learning. Zhang & Wang [26] examine a hybrid model 

combining the connectionist model and the distributed information processing model. 

The authors present a framework offering real-time adaptation mechanisms allowing e-

learning systems to instantly adjust to changes in learner performance, preferences, and 

needs. 

Other studies have focused on the use of a hybrid model combining connectionist 

perspectives and embodied and enactive perspectives or a deep learning model and 

connectionist model [33] or a hybrid model combining parallel processing and distrib-

uted information processing models in the design of tutoring and automatic systems [34 

& 35]. 

All these studies have revealed the importance and usefulness of data processing 

models and emerging cognitive models in the design of stimulating and effective e-

learning systems. The combination of more than one model, as a theoretical framework 

for designing, implementing, managing, and evaluating adaptive online learning, has 

proven to be of great importance as it can inform e-learning solution designers signifi-

cantly, both during the design phase and in the implementation and experimentation 

phases. It can also be very useful in the evaluation phase as it allows designers to inter-

pret the different observed processes and consequently provide necessary and useful 

feedback. 

The hybrid or unified model in all these studies has concerned the combination of 

only two models. This has piqued our curiosity to know what the characteristics of a 

unified model that combines the main data processing models and emerging cognitive 

models would be. Moreover, the objective of this paper is to conduct a comparative and 

cross-analytical study of the different data processing models and emerging cognitive 

models to deduce the characteristics and indicators of a scenario model for an adapted 

and optimized e-learning system. 
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2 Methodology 

To achieve our objective, we adopted the method of cross-analysis and comparison of 

the main information processing models and the most cited emerging cognitive models 

in the literature. This method is composed of eight steps (see figure 1). The comparative 

and cross-analysis method is a research approach widely used in various fields, includ-

ing cognitive sciences [36], adaptive e-learning [37], and gaming learning [38]. 

 

 

Fig. 1. Comparative and Cross-Analysis Method 

The comparative and cross-analysis of different cognitive models is an essential ap-

proach to better understanding the mental processes and underlying mechanisms in-

volved in specific cognitive functions [39, 40 & 41]. 

Furthermore, the objective of our analysis is to compare the different models to de-

duce the characteristics of a hybrid model that brings together the strengths of each 

model and can form the basis for designing an optimized and effective e-learning sys-

tem. 

We identified 40 Scopus research articles dealing with the implication of information 

processing models and emerging models in the design and evaluation of online learning 

systems (e-learning) between 2018 and 2022. We retained 30 articles involving these 

models explicitly. 

Each model is examined in detail to understand its fundamental principles, basic 

assumptions, mechanisms of operation, strengths, and weaknesses, as well as its poten-

tial applications in designing online courses and e-learning systems. The characteristics 

of each model are compared to identify similarities and differences between them. The 

comparison is made at the level of the model's structure, the cognitive processes in-

volved, and its practical applications in the design of e-learning systems and experi-

ences. 

Defining the objectives 
of the analysis

Identification of models
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Evaluation of model 
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608             Y. Erradi et al.



Empirical evidence from experimental research, case studies, or other sources such 

as meta-analysis studies are analyzed to assess the validity and applicability of the dif-

ferent models in real online learning contexts. The results of the analysis are synthe-

sized to provide an overview of the similarities, differences, and general trends among 

the models examined. The practical and theoretical implications of the results are dis-

cussed, including their implications in the objective of deducing a hybrid model for 

designing an adapted, aligned, and effective e-learning system. 

3 Results and Discussion  

We begin by analyzing and cross-referencing between data processing models and 

emerging cognitive models. The results are grouped in Table 1. 

Table 1. Comparative Analysis between Data Processing Models and Emerging Cognitive 

Models. 

Criteria Information Processing Models Emerging Cognitive Models 

Structure ­ Linear, hierarchical ­ Complex, adaptive 

 

Mechanism of 

Operation 

 

­ Step-by-step processing ­ Dynamic processes 

Empirical Evi-

dence 

­ Controlled experiments in 

cognitive psychology 

 

­ Computer simulations, computa-

tional neuroscience studies 

Similarities ­ Common concepts such as 

information encoding and 

decision-making 

­ Aim to explain the workings of 

the mind and behavior 

 

Differences ­ Different approaches to ex-

ploring common concepts 

 

­ Transparency and computational 

resources 

Strengths ­ Clarity, direct applicability 

to specific problems 

 

­ Ability to handle complex data, 

the discovery of hidden struc-

tures 

Weaknesses ­ Limitations in capturing the 

complexity of cognitive pro-

cesses 

­ Less transparency in their opera-

tion, need for significant compu-

tational resources 
 

The comparative analysis of information processing models and emerging cognitive 

models highlights several significant points regarding their differences and similarities. 

Firstly, by examining the structure and mechanism of operation, it becomes clear that 

information processing models adopt a linear and sequential approach while emerging 

cognitive models explore more dynamic and complex processes. This fundamental dif-

ference in how the two types of models process information reflects the diversity of 

approaches in modeling cognition. 
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As for potential applications, although both types of models find their place in fields 

such as artificial intelligence and cognitive psychology, they are distinguished by their 

adaptability to specific tasks. Information processing models are often used for prob-

lems requiring a clearly defined sequence of steps while emerging cognitive models are 

favored for tasks involving complex data and dynamic adaptation. 

The empirical evidence required to validate these models also differs. Information 

processing models are often validated through controlled experiments in cognitive psy-

chology, while emerging cognitive models are often tested via computer simulations 

and computational neuroscience studies, sometimes requiring significant computa-

tional resources. 

Finally, the strengths and weaknesses reveal critical aspects of each approach. Infor-

mation processing models are praised for their clarity and direct applicability to specific 

problems but may be limited in their capacity to capture the complexity of cognitive 

processes. Conversely, emerging cognitive models are valued for their ability to handle 

complex data and discover hidden structures but can be less transparent in their opera-

tion and require more computational resources. 

Although information processing models and emerging cognitive models thus offer 

distinct approaches to understanding human cognition, a thoughtful combination of 

these two perspectives can lead to a better overall understanding. The clarity of infor-

mation processing models can be complemented by the ability of emerging cognitive 

models to handle complex data, while the flexibility of emerging cognitive models can 

compensate for the limitations of information processing models. Thus, an integrated 

approach can lead to significant advances in modeling and understanding human cog-

nition. 

Table 2, moreover, allows highlights how information processing models and 

emerging cognitive models can interconnect and mutually reinforce the understanding 

and modeling of human cognitive processes. 

Table 2. Interdependence between Data Processing Models and Emerging Cognitive Models. 

Information Processing Models Emerging Cognitive Models 

Contributions 

­ Establish solid theoretical and methodological 

foundations for cognitive modeling. 

 

Limitations 

­ May underestimate the complexity and dy-

namics of actual cognitive processes. 

 

Possible Synergies 

­ Information processing models can provide a 

structured foundation for emerging cognitive 

models, offering starting points for modeling. 

 

Complementary Applications 

­ Both types of models can be used together to 

provide more comprehensive and robust solu-

tions to cognitive and computational problems. 
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The analysis of the table of interdependence between information processing models 

and emerging cognitive models reveals interesting conclusions regarding their comple-

mentarity and implications in modeling human cognition. 

Firstly, it is clear that both types of models offer unique contributions to the under-

standing of cognition. Information processing models establish a solid foundation by 

providing well-defined theoretical and methodological frameworks for cognitive mod-

eling. Their structured approach allows for the decomposition of cognitive processes 

into distinct stages, thus facilitating understanding and analysis. 

However, these models may also present limitations, particularly in underestimating 

the complexity and dynamics of actual cognitive processes. This is where emerging 

cognitive models come into play. They offer new perspectives and techniques to ex-

plore aspects of human cognition that are difficult to model with traditional approaches. 

Their ability to handle complex data and uncover hidden structures enriches our under-

standing of cognitive processes. 

By combining both approaches, it is possible to leverage their respective advantages. 

Information processing models provide a structured and methodological foundation for 

cognitive modeling while emerging cognitive models capture the complexity and nu-

ance of actual cognitive processes. This combination can lead to more comprehensive 

and robust solutions for complex cognitive and computational problems. 

In conclusion, the interdependence between information-processing models and 

emerging cognitive models demonstrates the need for an integrated approach to mod-

eling human cognition. By combining the strengths of these two approaches, we are 

better equipped to understand and explain the mechanisms underlying thought and be-

havior. In this sense, information processing models can bring analytical rigor and con-

ceptual precision to emerging cognitive models, while the latter can introduce a more 

holistic and contextual perspective to information processing models. This dialogue 

between the two approaches can lead to the development of more integrative and com-

prehensive cognitive theories, thus providing a better understanding of the human mind. 

Another comparative analysis (Table 3) that highlights the main characteristics of 

each model, their principal approach, as well as examples of application, seems very 

interesting and conclusive for the establishment of a hybrid model for the design of e-

learning systems. It offers a comparative overview of different theoretical frameworks 

and their respective domains of application. 

Table 3. Cross-Comparative Analysis of Different Cognitive Information Processing Models. 

Model Main Character-

istics 

Primary Ap-

proach 

Pedagogical Orientation 

Human Mind In-

formation Trans-

formation 

Cognitive pro-

cesses such as 

perception, 

Cognitive psy-

chology 

­ Presentation of information in a 

multimodal way 

­ Use of cues and spaced repetition 
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memory, prob-

lem-solving 

­ Adaptation to learners' skill level 

and cognitive load 

­ Integration of practice and prob-

lem-solving 

 

Serial Information 

Processing 

Sequential infor-

mation pro-

cessing 

Computer sci-

ence, cognitive 

psychology 

­ Progressive structuring of content 

­ Design of interactive and progres-

sive activities 

­ Adaptive feedback 

­ Establishment of educational pro-

gression 

­ Use of microlearning 

­ Incorporation of review and re-

minder moments 

 

Parallel Infor-

mation Processing 

Simultaneous in-

formation pro-

cessing 

Computer sci-

ence, neurosci-

ence 

­ Design of multi-level interactive 

activities 

­ Use of multimodal supports 

­ Promotion of collaborative learn-

ing 

­ Adaptive and personalized feed-

back 

­ Integration of practice and appli-

cation 

­ Management of cognitive load for 

simultaneous processing of infor-

mation (complex tasks) 

 

Distributed Infor-

mation Processing 

Storage and pro-

cessing of infor-

mation distrib-

uted across a 

complex network 

Neuroscience, 

artificial intelli-

gence 

­ Adaptation of content and activi-

ties (pedagogical alignment) 

­ Personalization of the learning 

experience 

­ Adaptive feedback and real-time 

feedback 

 

Connectionist 

Model-based on 

artificial neural 

networks 

Artificial intel-

ligence, neuro-

science 

­ Integration of intelligent agents to 

analyze each learner's data, such 

as quiz results, interactions with 

content, and response times, to 

automatically adjust content and 

proposed activities. 

­ Use of collaborative filtering and 

recommendation techniques to 

personalize content 
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­ Use of agents to analyze learner 

errors and identify patterns of un-

derstanding, systems could offer 

targeted reinforcement activities 

to improve understanding. 

­ Encouragement of collaboration 

and information exchange among 

learners to foster knowledge net-

work formation 

 

Emergent Cogni-

tive Deep Learning 

Connectionist ap-

proach with deep 

neural networks 

Artificial intel-

ligence 

­ Personalized content recommen-

dation 

­ Adaptation and adjustment of 

learning paths 

­ Use of deep learning techniques 

to analyze learners' facial expres-

sions, gestures, and vocal re-

sponses 

­ Enhancement of speech recogni-

tion and automatic transcription 

to facilitate content search, course 

navigation, and course transcrip-

tion creation. 

 

Embodied Emer-

gent Cognitive 

Integration of the 

body and envi-

ronment into 

cognition 

Psychology, ar-

tificial intelli-

gence 

­ Integration of interactive activi-

ties that encourage learners to ac-

tively engage with content and 

participate in meaningful experi-

ences. 

­ Incorporation of simulations and 

immersive environments that al-

low learners to immerse in au-

thentic learning situations. 

­ Contextualization of learning to 

establish connections between 

new concepts and prior experi-

ences. 

­ Integration of problem situations, 

authentic complex tasks 

­ Integration of tools such as dis-

cussion forums, virtual class-

rooms, and group projects... 
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The comparative analysis of different information processing and cognition models 

highlights the diversity of theoretical approaches and perspectives in the fields of arti-

ficial intelligence, cognitive psychology, and neuroscience. Each model offers unique 

insights into how information is processed and integrated into human cognition, with 

significant implications for the design of e-learning systems. 

Upon examining the tables of the different comparative and cross-analytical ap-

proaches of various data processing models and emerging cognitive models, several 

observations emerge regarding their incorporation into a single hybrid model: 

 Diversity of Approaches: The models vary considerably in their approaches, some 

focusing on specific aspects such as the sequentiality of information processing (like 

the serial model), while others emphasize parallel processing (like the parallel 

model). Some models incorporate more complex dimensions such as the body and 

environment (like the embodied model), while others focus on the computer simu-

lation of cognitive processes (like the computational model). 

 Influence of Culture and Environment: Some models, such as the cultural cognition 

model and the embodied model, recognize the importance of culture and environ-

ment in cognition. This underscores the need to consider cultural diversity and envi-

ronmental contexts when designing e-learning systems to ensure their relevance and 

effectiveness across different sociocultural settings. 

 Connectionist and Deep Learning Approaches: Connectionist models, especially 

those based on deep learning, such as the emerging cognitive deep learning model, 

have gained popularity due to their ability to learn from data and perform complex 

tasks such as pattern recognition and automatic translation. These models offer ex-

citing opportunities to enhance e-learning systems by making them more adaptive 

and personalized. 

 Emerging and Interdisciplinary Models: Some models, such as the cultural cognition 

model and the embodied model, incorporate interdisciplinary perspectives from 

Computational 

Cognition 

Computer simu-

lation of cogni-

tive processes 

Cognitive com-

puting, cogni-

tive psychol-

ogy 

­ Development of learning systems 

that adapt to individual learners' 

cognitive needs 

­ Analysis of learning data to iden-

tify patterns in students' learning 

behaviors 

­ Integration of computer simula-

tions of cognitive processes in-

volved in learning 

­ Incorporation of learning assis-

tance technologies that support 

and enhance learners' cognitive 

abilities 
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fields such as anthropology, sociology, and psychology. This suggests that interdis-

ciplinary approaches can enrich our understanding of human cognition and provide 

promising avenues for designing more holistic and inclusive e-learning systems. 

The rich tapestry of cognitive models—from the classic sequential information pro-

cessing to the modern connectionist and deep learning frameworks—reflects a multidi-

mensional understanding of human cognition. The traditional models offer clarity and 

a well-trodden path for pedagogical design, fostering e-learning environments struc-

tured around linear progression and clear educational outcomes. However, they may 

not fully capture the complexity of learning as an organic process influenced by various 

factors such as environment, culture, and individual cognitive capacities. 

Emerging cognitive models, leveraging advancements in artificial intelligence and 

neuroscience, paint a different picture. They offer dynamic, adaptable frameworks for 

e-learning that align with the nuanced ways in which humans actually learn and interact 

with information. These models highlight the potential for personalized learning expe-

riences, where the system adapts to the individual learner, recognizing and responding 

to their unique learning journey. 

The inclusion of culture and environment in some models signifies a growing recog-

nition that learning does not occur in a vacuum but is influenced by a wider socio-

cultural context. This is particularly pertinent in the design of e-learning systems for 

diverse populations, where one-size-fits-all approaches are often insufficient. 

The connectionist and deep learning models stand out for their capacity to process 

vast amounts of data, learning and adapting in ways that can significantly enhance the 

e-learning experience. These models could lead to systems that are not only adaptive 

but also predictive, able to anticipate learner needs and tailor content in real time. 

The potential of interdisciplinary models is particularly exciting, suggesting that the 

future of e-learning could benefit from a synthesis of insights from various disciplines. 

Such a holistic approach might yield systems that are culturally sensitive, context-

aware, and deeply engaging, offering a richer, more effective learning environment. 

In summary, while traditional cognitive models lay the groundwork for structured e-

learning systems, the emerging models invite a fusion of technology and human-centric 

design that could revolutionize how we understand and implement digital education. 

This blend of approaches promises to enhance e-learning with systems that are both 

powerful in their computational ability and deeply attuned to the complexities of human 

cognition. 

4 Conclusion 

In this paper, we have explored the integration of cognitive science models into the 

design and enhancement of e-learning experiences. Through a comparative and cross-

analytical study, we have examined various information processing models and emerg-

ing cognitive models, highlighting their strengths, limitations, and potential synergies. 

Our analysis reveals that while traditional information processing models provide a 

structured foundation for cognitive modeling, emerging cognitive models offer a dy-

namic and complex perspective that can capture the intricacies of human cognition. 
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Emerging cognitive models, drawing from the latest in artificial intelligence and 

neuroscience, inject a dynamic element into the equation. They challenge us to go be-

yond the simplicity of linear processing and embrace the complexity of the human 

mind. These models capture the essence of adaptability and personalization, underpin-

ning the next generation of e-learning systems that aspire to cater to the unique learning 

trajectories of individuals. The adaptive potential of such systems is not just a theoret-

ical ideal; it is increasingly becoming a practical reality, as demonstrated by the deep 

learning models that are starting to predict and respond to learner needs in real time. 

The recognition of culture and environment as influential factors in cognitive pro-

cesses brings an additional layer of depth to the design of e-learning systems. In an 

increasingly connected world, the one-size-fits-all approach is giving way to culturally 

sensitive and context-aware platforms that acknowledge the diversity of learners. This 

shift towards inclusive and holistic learning environments is not just a nod to diversity; 

it's a commitment to accessibility and relevance, ensuring that the e-learning systems 

of tomorrow resonate with learners from all walks of life. 

Interdisciplinary models, which integrate insights from various fields like anthropol-

ogy and sociology, stand out as particularly promising. They encourage a more nuanced 

understanding of cognition that is not just about neural networks and data patterns but 

also about human experiences and societal interactions. The potential for these models 

to inform the creation of e-learning environments is immense, offering a path to more 

engaging, meaningful, and transformative learning experiences. 

As we synthesize the insights from both traditional and emerging cognitive models, 

the future of e-learning is envisioned as an ecosystem where technology meets human-

ity. The robust computational power at our disposal can be channeled into creating sys-

tems that are not only intelligent but also intuitive, not only efficient but also empa-

thetic. By integrating the precision of traditional models with the adaptability of emerg-

ing models, e-learning can evolve into a realm that supports not just the acquisition of 

knowledge but the holistic development of the learner. 

The integration of these models into a unified framework presents a promising ave-

nue for designing optimized and effective e-learning systems. By combining the clarity 

and applicability of information processing models with the adaptability and depth of 

emerging cognitive models, we can create e-learning environments that are not only 

technically sound but also deeply attuned to the cognitive processes of learners. 

Furthermore, our analysis underscores the importance of considering cultural and 

environmental factors in the design of e-learning systems. By incorporating interdisci-

plinary perspectives and recognizing the influence of context on learning, we can de-

velop more inclusive and relevant educational technologies. 

In closing, the convergence of these diverse cognitive models points towards an era 

of e-learning that is vibrant, varied, and vitally connected to the fabric of human cog-

nition. As designers, developers, and educators, there is a pressing call to harness these 

insights, to build e-learning platforms that are not only intellectually stimulating but 

also cognitively harmonious with the learners they serve. The potential for impact is 

boundless, with the promise of nurturing learners who are equipped to thrive in an ever-

changing world. The intersection of cognitive science and e-learning is not just a cross-

roads but a launchpad for the educational odyssey of the future. 

616             Y. Erradi et al.



References 

1. Christa,M., Halszka, J., Kirschner, F., & Kirschner, P. (2012). Cognitive Load Theory in 
E-Learning. Encyclopedia of Cyber Behavior. 1. 1178-1211. 10.4018/978-1-4666-
0315-8.ch097. 

2. Cinquin, P-A., Guitton, P., & Sauzéon, H. (2019). Online e-learning and cognitive disabili-

ties: A systematic review. Computers & Education. Volume 130, Pages 152-167 

3. Mühlfriedel, M. (2022). Cognitive-based methods to facilitate learning of software ap-
plications via E-learning systems. Cogent Education (Cogent Education)-Vol. 9, Iss: 1 

4. Sweller, J., Ayres, P.,  & Kalyuga, S. (2011). Cognitive Load Theory. Springer. ISBN 978-

1-4419-8125-7 e-ISBN 978-1-4419-8126-4 DOI 10.1007/978-1-4419-8126-4 

5. Skulmowski, A., & Xu, K. (2021). Understanding Cognitive Load in Digital and Online 

Learning: a New Perspective on Extraneous Cognitive Load. Educational Psychology Re-

view. 34. 1-26. 10.1007/s10648-021-09624-7. 

6. Zhu, X., & Aryadoust, V. (2022) A Synthetic Review of Cognitive Load in Distance Inter-

preting: Toward an Explanatory Model. Front. Psychol. 13:899718. doi: 

10.3389/fpsyg.2022.899718 

7. Sweller, J., Van Merrienboer, J. J. G., & Paas, F. G. W. C. (1998). Applying Cognitive Load 

Theory to the Design of Online Learning. Educational Psychology Review, 10(3), 251-291. 

8. Van Merriënboer, J. J., & Kirschner, P. A. (Eds.). (2018). Ten Steps to Complex Learning: 

A New Approach to Instruction and Instructional Design. Routledge. 

9. Stoo, S. (2019). Cognitive Load Theory and Human Movement: Towards an Integrated 

Model of Working Memory. Educational Psychology Review. 31. 10.1007/s10648-019-

09461-9. 

10. Skulmowski, A., Xu, K.M. (2022). Understanding Cognitive Load in Digital and Online 

Learning: a New Perspective on Extraneous Cognitive Load. Educ Psychol Rev 34, 171–

196. https://doi.org/10.1007/s10648-021-09624-7 

11. Van Merriënboer, J. J., & Sweller, J. (2020). Cognitive load theory in health professional 

education : Design principles and strategies. Springer. 

12. Gutierrez, G., Lunsk,y I.O., Van Heer, S., Szulewski, A., & Chaplin, T. (2023). Cognitive 

load theory in action: e-learning modules improve performance in simulation-based educa-

tion. A pilot study. CJEM. Nov;25(11):893-901. doi: 10.1007/s43678-023-00586-z. Epub 

2023 Sep 26. PMID: 37751082. 

13. Van Nooijen, C.C.A., De Koning, B.B., & Bramer, W.M. (2024).  A Cognitive Load Theory 

Approach to Understanding Expert Scaffolding of Visual Problem-Solving Tasks: A Scop-

ing Review. Educ Psychol Rev 36, 12. https://doi.org/10.1007/s10648-024-09848-3 

14. Boettcher, J. V., & Conrad, R. M. (2016). The online teaching survival guide: Simple and 

practical pedagogical tips. John Wiley & Sons. 

15. Clark, R. C., & Mayer, R. E. (2016). E-learning and the science of instruction: Proven guide-

lines for consumers and designers of multimedia learning. John Wiley & Sons. 

16. Li, L., Yilun, L., Zheng, N. (2017). Parallel learning: A perspective and a framework. 

IEEE/CAA Journal of Automatica Sinica. 4. 389-395. 10.1109/JAS.2017.7510493. 

17. Smith, J., & Johnson, R. (2019). "Implementing Parallel Processing in E-Learning Plat-

forms: Best Practices and Challenges". Journal of Educational Technology & Society, 22(4), 

112-122. 

18. Manickam, M.V., Mohanapriya, M., Kale, S.A., Uday, M., Kulkarni, P., Khandagale, Y., 

Marathwada, S.P., Mandal’s, M., & Patil, S.P. (2017). Research study on applications of 

artificial neural networks and e-learning personalization. 

Enhancing E-Learning Experiences Through Cognitive Science             617

https://www.sciencedirect.com/journal/computers-and-education
https://www.sciencedirect.com/journal/computers-and-education/vol/130/suppl/C
https://typeset.io/authors/bastian-muhlfriedel-2uad5kve
https://typeset.io/journals/cogent-education-1gnra9jv
https://doi.org/10.1007/s10648-021-09624-7
https://doi.org/10.1007/s10648-024-09848-3


19. Seridi-Bouchelaghem, H., Sari, T., & Sellami, M. (2005). A Connectionist Approach for 

Adaptive Lesson. 171. 10.1007/0-387-24047-0_18. 

20. Mcmurray, B., Horst, J., Toscano, J.,  & Larissa,S. (2009). Integrating Connectionist Learn-

ing and Dynamical Systems Processing: Case Studies in Speech and Lexical Development. 

10.1093/acprof:oso/9780195300598.003.0011. 

21. Shuai Zhang, Lina Yao, Aixin Sun, & Yi Tay. (2018). Deep Learning based Recommender 

System: A Survey and New Perspectives. ACM Comput. Surv. 1, 1, Article 1, 35 pages. 

DOI: 0000001.0000001 

22. Gao, S., & Huang, Y. (2021). A Personalized E-Learning Recommendation System Based 

on Deep Learning and Collaborative Filtering. IEEE Access, 9, 74549-74559. 

23. Zhang, Y., Hu, S., Hu, L., & Li, L. (2021). Adaptive E-Learning System Based on Deep 

Neural Networks. In 2021 International Conference on Intelligent Manufacturing and Indus-

trial Automation (ICIMIA) (pp. 224-228). IEEE. 

24. Caiwen,L., & Iskandar,I., Hamidah,I., Maslina,Z., Sidi, Fatimah & Caili, L. (2023). Deep 

Learning-Based Recommendation System: Systematic Review and Classification. IEEE Ac-

cess. PP. 1-1. 10.1109/ACCESS.2023.3323353. 

25. Graf, S.,  Kinshuk, F.L.,  & McGreal, R. (Eds.) (2012). Intelligent and Adaptive Learning 

Systems: Technology Enhanced Support for Learners and Teachers, IGI Global, Hershey, 

USA. 

26. Zhang, L., & Wang, Y. (2020). Integrating Connectionist and Distributed Information Pro-

cessing Models for Adaptive E-Learning Systems: A Review". Computers & Education, 

Volume 150, 2020. 

27. Zheng, Y., Zhang, Y., & Guo, Z. (2021). Distributed Information Processing in Internet of 

Things: A Review: IEEE Access, vol. 9, 2021. 

28. Zhang, Z., & Wee Peng, T., Draief, M., Wang, X., Chong, E., & Hero, A. (2017). Introduc-

tion to the Issue on Distributed Information Processing in Social Networks. IEEE Transac-

tions on Signal and Information Processing over Networks. 3. 219-221. 

10.1109/TSIPN.2017.2699868. 

29. Paavola, S., Lipponen, L., & Hakkarainen, K. (2004). Models of innovative knowledge com-

munities and their learning environments. Review of Educational Research, 74(2), 187-

226. https://doi.org/10.3102/00346543074002187 

30. Chen, Li-Ling. (2016). A Model for Effective Online Instructional Design. Literacy Infor-

mation and Computer Education Journal. 7. 10.20533/licej.2040.2589.2016.0304. 

31. Joshua, D.,  Enyedy, N., Asmalin,S., & Megan,H. (2020). Learning in embodied activity 

framework: a sociocultural framework for embodied cognition. International Journal of 

Computer-Supported Collaborative Learning. 15. 10.1007/s11412-020-09317-3. 

32. Kalyuga, S., Ayres, P., & Sweller, J. (2021). Cognitive load theory. In Encyclopedia of the 

Sciences of Learning (pp. 1225-1230). Springer, Cham. 

33. Gašević, D., Dawson, S., & Siemens, G. (2015). Let’s not forget: Learning analytics are 

about learning. TECHTRENDS TECH TRENDS 59, 64–71 (2015). 

https://doi.org/10.1007/s11528-014-0822-x 

34. Bowers,J.S. (2017). Parallel Distributed Processing Theory in the Age of Deep Networks, 

Trends in Cognitive Sciences, Volume 21, Issue 12, 950-961, ISSN 1364-6613, 

https://doi.org/10.1016/j.tics.2017.09.013. 

35. Cohen, J.D., Servan-Schreiber, D., & McClelland, J.L. (1992). A Parallel Distributed Pro-

cessing Approach to Automaticity. The American Journal of Psychology. Vol. 105, No. 2, 

Views and Varieties of Automaticity (Summer, 1992), pp. 239-269 (31 pages) Published 

By: University of Illinois Press. 

618             Y. Erradi et al.

https://doi.org/10.3102/00346543074002187
https://doi.org/10.1007/s11528-014-0822-x
https://doi.org/10.1016/j.tics.2017.09.013
https://www.jstor.org/stable/i261978
https://www.jstor.org/stable/i261978


36. Cook, T. D., Campbell, D. T., & Shadish, W. (2002). Experimental and quasi-experimental 

designs for generalized causal inference (Vol. 1195). Boston, MA: Houghton Mifflin. 

37. Rehman, S. U., Aziz, S., & Anwar, M. W. (2020). Comparative Study of Traditional and E-

Learning Education System Using Fuzzy Logic. Journal of Educational Computing Re-

search, 58(4), 849-874. 

38. López-fernández, D., Gordillo, A., Alarcón, P.P., & Tovar, E. (2021). Comparing Tradi-

tional Teaching and Game-Based Learning Using Teacher-Authored Games on Computer 

Science Education. IEEE Transactions on Education, 64, 367-373. 

39. Jones, M. N., & Mewhort, D. J. K. (2007). Representing Word Meaning and Order Infor-

mation in a Composite Holographic Lexicon. Psychological Review, 114(1), 1–37. 

40. Smith, E. E., & Kosslyn, S. M. (2007). Cognitive Psychology: Mind and Brain. Prentice 

Hall. 

41. Busemeyer, J. R., & Diederich, A. (2010). Cognitive Modeling. SAGE Publications. 

Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.
        The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.

Enhancing E-Learning Experiences Through Cognitive Science             619

http://creativecommons.org/licenses/by-nc/4.0/

	Enhancing E-Learning Experiences Through Cognitive Science: Integrating Models For Effective Learning Environments



