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Abstract. The following article discusses the integration of neural networks, particularly con-

volutional neural networks (CNNs) and recurrent neural networks (RNNs), into e-learning plat-

forms to enhance the analysis of multimedia resources and customize learning paths. CNNs are 

adept at extracting intricate visual features, making them well-suited for analyzing images and 

educational videos, allowing for content segmentation and classification based on pedagogical 

requirements. RNNs and their variations, such as LSTMs, model learners' sequential and behav-

ioral data, enabling the dynamic adjustment of teaching methods in real time. 

This approach aims to customize learning paths, foresee learners' challenges, adapt content based 

on their progress, and optimize academic outcomes. By tailoring the learning experience, neural 

networks enhance user engagement, foster improved knowledge retention, and decrease dropout 

rates. 

In addition to outlining the advantages of these technologies, this abstract also delves into the 

associated implementation challenges, such as the necessity for substantial data, algorithm com-

plexity, and the ethical implications linked to the growing reliance on automation in the educa-

tional sphere. Finally, it explores concrete examples of applications and the potential for these 

technologies to permanently revolutionize the e-learning landscape. 

© The Author(s) 2025
M. Khaldi et al. (eds.), Proceedings of the E-Learning and Smart Engineering Systems (ELSES 2024), Atlantis 
Highlights in Social Sciences, Education and Humanities 36,
https://doi.org/10.2991/978-2-38476-408-2_46

http://orcid.org/0000-0002-2216-0991
https://doi.org/10.2991/978-2-38476-408-2_46
http://crossmark.crossref.org/dialog/?doi=10.2991/978-2-38476-408-2_46&domain=pdf
http://orcid.org/0000-0002-9664-3275
http://orcid.org/0000-0002-1593-1073


Keywords: Adaptive Learning, Multimedia Analysis, Convolutional Neural Networks (CNN), 

Recurrent Neural Networks (RNN), Artificial Intelligence in Education. 

1 Introduction 

 

Separate learning and e-learning stages have revolutionized instruction by giving 

adaptable and open arrangements. In any case, these stages still confront noteworthy 

challenges, especially in personalizing learning ways and keeping learners spurred. Nu-

merous current arrangements offer encounters that are as well standardized and not 

well-suited to the different learning styles and particular needs of clients. As a result, 

victory rates in these advanced situations are frequently not as tall as they might be [1]. 

 

To overcome these restrictions, the integration of counterfeit insights advances, such 

as neural systems, holds an extraordinary guarantee. Convolutional neural systems 

(CNNs) and repetitive neural systems (RNNs) can analyze complex information, count 

mixed media assets, and demonstrate learner behavior. RNNs, especially LSTM mod-

els, may follow groups of learner intelligence across time, while CNNs are typically 

used to evaluate images and recordings. [2]. 

 

This paper explores how learner engagement can be improved and learning methods 

personalized through the use of CNNs and RNNs in e-learning stages. By executing an 

in-depth examination of intuition using mixed media assets, these neural systems em-

power real-time adjustment of instructive substance to match the unique wants of each 

learner, in this manner improving their instructive trip. 

2 Theoretical framework  

2.1 Introducing Neural Networks 

CNN (Convolutional Neural Networks)  

 

Convolutional neural networks (CNNs) are deep learning models widely used for 

visual data analysis. They are particularly per-formant in the automatic extraction of 

features from images, by applying convolutional filters that capture important details at 

different levels of abstraction. The operation of a CNN is based on convolution layers, 

pooling layers, and fully connected layers that ultimately classify or process the input 

data. 

CNNs play a crucial role in the analysis of images and videos in e-learning platforms, 

segmenting and identifying specific objects or elements in educational content. For ex-

ample, in educational videos, CNNs can be used to detect facial expressions, track 

learners' visual interactions, or segment videos according to their pedagogical content. 

[3]. In addition, CNNs are widely used in other fields, such as medical image recogni-

tion, object detection in autonomous vehicles, and video analysis for surveillance. [4]. 
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RNN (Recurrent Neural Networks) 

 

Recurrent neural networks (RNNs) are designed to process sequential and temporal 

data. Unlike traditional neural networks, RNNs feature recurrent connections that ena-

ble them to retain a memory of previous states, making them particularly useful for 

modeling time series. This is reinforced by variants such as LSTM (Long Short-Term 

Memory) and GRU (Gated Recurrent Units), which enable networks to better manage 

long-term dependencies and avoid the gradient problem that often disappears in con-

ventional recurrent networks. [5]. 

RNNs are essential in the e-learning context, as they enable us to monitor learner 

behavior over time. For example, they can track students' interactions with learning 

platforms to tailor courses to their specific progress or difficulties. They can also be 

used to personalize learning paths based on past performance, dynamically adjusting 

exercises and assessments according to learners' needs. [6]. 

 

Applications in other fields  

 

CNNs and RNNs are also widely used in other fields. CNNs have found applications 

in fields such as medical image recognition, surveillance, and facial recognition, while 

RNNs are commonly used in natural language processing (NLP), time series prediction, 

and automatic text generation. [7]. Their ability to process visual and sequential data 

opens up a wide range of possibilities, not only in e-learning but also in critical fields 

such as healthcare, financial services, and the entertainment industry. 

 

2.2 Advantages of using Neural Networks in E-learning  

In-depth analysis of learner behavior 

Neural networks, in particular CNNs and RNNs, enable fine, detailed analysis of 

learner behavior. CNNs can analyze students' interactions with multimedia resources, 

such as videos, images, or presentations. For example, by detecting when a learner lin-

gers on a specific part of a video or interacts more with graphics, platforms can deduce 

specific preferences or difficulties. Similarly, RNNs model sequences of learner actions 

over time, offering a clear view of their engagement and progression in learning. This 

enables us to better understand individual preferences and sticking points. [7]. 

Real-time adaptation 

 

One of the greatest strengths of neural networks in e-learning is their ability to adapt 

learning paths in real-time. RNNs, especially LSTMs, can process sequential data and 

adjust learning recommendations according to the learner's recent performance and be-

havior. For example, if a student shows signs of difficulty with a particular concept, the 

system can immediately suggest additional resources or adjust the difficulty of exer-

cises. Similarly, a learner who is progressing rapidly could be given more advanced 

challenges or more complex topics, thereby increasing learning efficiency [6]. 
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Optimizing teaching methods 

Neural networks also offer powerful tools for optimizing teaching methods. By con-

tinuously analyzing learner data, these networks enable more personalized learning 

paths and more effective adjustment of teaching materials. This translates into better 

knowledge retention and reduced drop-out rates. In particular, by adjusting content ac-

cording to learners' performance, preferences, and difficulties, teaching methods be-

come more adapted and permanent, improving the overall learning experience. [3]. 

2.3 Theoretical limits and challenges 

Massive data requirements 

 

One of the main theoretical challenges associated with the use of neural networks, 

in particular CNNs and RNNs, is the need for large quantities of data to train them 

effectively. These algorithms learn from voluminous data, enabling them to generalize 

information and make accurate predictions. However, in the context of e-learning, col-

lecting quality data can be difficult, especially when it comes to individual learner be-

havior. Small data sets can lead to overfitting, where the model becomes too specific to 

the training data and fails to generalize well to new users. [8] . What's more, the pro-

tection of user data is a major issue, especially when it comes to sensitive educational 

data. 

Algorithm complexity 

CNNs and RNNs are powerful models, but their design, deployment, and optimiza-

tion require advanced skills in artificial intelligence and machine learning. Their com-

plexity lies not only in the architecture of the networks but also in the management of 

hyper-parameters and data pre-processing processes. For example, training CNN mod-

els for image or video analysis requires a great deal of computation to optimize convo-

lutional filters and hidden layers, while RNNs have to manage complex temporal data 

sequences, requiring substantial computing resources and sophisticated tools. [3]. 

What's more, adapting models to different educational contexts can represent an addi-

tional challenge for developers and institutions. 

Dependence on technology 

 

With the increasing integration of neural networks in e-learning, there is a risk of 

over-reliance on technology, to the detriment of human intervention. If e-learning plat-

forms become too automated, there may be a dehumanization of learning, where human 

pedagogical interaction is reduced. Although neural networks can provide real-time 

recommendations and adjustments, they do not fully replace the richness of human in-

teraction that is often required to motivate and guide learners. In addition, this reliance 

on technology raises ethical questions about learner monitoring, data use, and the po-

tential for bias in algorithms, which could have negative consequences for certain 

groups of users [9] . 
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3 Practical section  

3.1 Multimedia resource analysis with CNN and RNN  

Using CNNs for Multimedia Analysis 

Convolutional Neural Networks (CNN) are powerful tools for analyzing visual data, 

such as educational images and videos. They can be used to extract relevant features 

and automate complex tasks linked to the identification of concepts in educational ma-

terials. 

Case study 1: Using CNN for automatic image analysis 

In online courses, CNNs can be used for automatic image analysis. For example, in 

a medical course, a ResNet [10] Can be used to identify anatomical structures in X-ray 

images, facilitating teaching and visual learning. Thanks to their depth and ability to 

learn complex representations, these ResNet can provide interactive visual support tai-

lored to learners' specific needs. 

Case study 2: Analysis of educational videos for segmentation and recommenda-

tion 

CNNs can also be applied to the analysis of educational videos. For example, models 

like those proposed by [11] Can be used to segment videos according to the topics cov-

ered. In a physics course, these networks can automatically identify sections dealing 

with different concepts (mechanics, optics, etc.) and recommend relevant extracts to 

the learner based on progress and gaps. This allows video content to be personalized, 

providing a more targeted and effective learning experience. 

Application of RNN to model learner behavior 

Recurrent Neural Networks (RNN), and in particular LSTM models, are well suited 

to modeling sequential learner behavior on an e-learning platform. RNNs make it pos-

sible to take account of learners' past interactions to adjust resources and pedagogical 

interventions in the future. 

Case study 3: Using RNN to track learner progress 

RNNs, in particular the LSTM models proposed by [12] , can track each student's 

learning path by analyzing successive interactions with pedagogical content. For exam-

ple, if a student shows signs of difficulty in understanding certain concepts, the system 

can adjust the exercises proposed or provide additional explanations based on the se-

quential data captured. This personalized follow-up enhances learner retention and en-

gagement, enabling them to progress at their own pace with adapted teaching interven-

tions in real-time. 

 

 

 

 

3.2 Prototyping an Adaptive E-learning Platform 

 

User interface development 
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The creation of an adaptive e-learning platform requires an intuitive user interface, 

capable of integrating the analysis results provided by CNNs and RNNs. A well-de-

signed interface must enable fluid interaction with multimedia resource recommenda-

tion and analysis tools while offering a personalized user experience. 

Design of an interface integrating recommendation modules based on the results 

of CNN and RNN analyses  

The user interface must include modules that analyze learners' interactions with mul-

timedia content. For example, CNNs can analyze educational videos and images, while 

RNNs model learner behavior over time. The results of these analyses are then used to 

generate real-time recommendations. The interface must present these recommenda-

tions in a transparent and accessible way, offering suggestions tailored to each learner 

based on their progress and preferences.  [10] . 

Integration of analysis tools (videos, images) into an existing platform 

The integration of multimedia analysis tools, such as those offered by CNNs for 

video segmentation and image classification [11] Makes it possible to personalize 

learning paths. An adaptive e-learning platform should enable teachers and learners to 

access segmented videos, annotated images, and other educational materials in real-

time, with tailored recommendations based on each user's interactions with these re-

sources. 

The process of personalizing learning paths 

The personalization of learning paths is based on a series of steps that enable the 

content offered to be constantly adjusted to the learner's preferences, performance, and 

needs. 

 

Step 1: Real-time analysis of multimedia resources 

CNNs are used to analyze videos and images in real-time, identifying relevant parts 

of the content and evaluating the learner's engagement with these resources. For exam-

ple, a CNN can detect which parts of a video the learner has viewed repeatedly, indi-

cating potential difficulties with a specific concept. [13]. 

 

Step 2: Automatic recommendation of content (videos, readings) based on learner  

Recommendations are generated automatically based on the learner's interactions with 

the learning resources. Thanks to RNN, the system can model learning behavior over 

time and suggest additional videos, readings, or exercises adapted to each user. If a 

learner shows a preference for explanatory video content or interactive exercises, the 

system adapts the type of content recommended accordingly. [14]. 

 

Step 3: Dynamic adjustment of the learning path based on RNN results 

RNNs, and in particular LSTMs, enable learning paths to be adjusted dynamically. 

For example, if a student encounters persistent difficulties with a concept, the system 

can automatically adjust the difficulty of exercises or suggest additional resources to 

reinforce understanding. This real-time adaptation improves learner engagement and 

optimizes learning progression [15]. 
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3.3 Observed results 

Several popular e-learning platforms, such as Coursera and Khan Academy, have inte-

grated artificial intelligence-based algorithms, particularly CNN and RNN, to enhance 

their users' learning experience. 

Case study: Examples of existing platforms using CNN and RNN 

The personalization of learning paths is based on a series of steps that enable the 

content offered to be constantly adjusted to the learner's preferences, performance, and 

needs. 

1. Coursera: The platform uses recommendation algorithms based on user behav-

ioral data to personalize learning paths. CNNs are employed to analyze educa-

tional videos and provide relevant content recommendations based on learners' 

past interactions with the learning material [16] . RNNs, meanwhile, track stu-

dents' progress and adjust the content on offer according to their performance, 

offering additional exercises or suggesting complementary courses based on the 

results obtained. [17] . 

2. Khan Academy: This platform uses machine learning algorithms to personalize 

students' learning paths, particularly in STEM disciplines (science, technology, en-

gineering, and mathematics). RNNs are used to model students' learning habits, 

track their progress in different areas, and adjust pedagogical recommendations 

according to their level and gaps [18] . This makes it possible to propose exercises 

adapted to each student's level, promoting better understanding and progression in 

the concepts studied. 

Impact on learners 

The integration of artificial intelligence into these platforms has had a significant 

impact on user learning. Here are just a few of the results observed: 

1. Increased engagement: Thanks to the personalization of learning paths, learners 

are more engaged in their studies. Real-time adjustment of the resources and ex-

ercises on offer according to individual preferences and progress keeps users in-

terested, encouraging them to interact more with the content [16] . 

2. Improved academic results: By offering content tailored to the specific needs of 

each learner, algorithms based on CNNs and RNNs enable a better understanding 

of the concepts covered. For example, when learners receive recommendations for 

additional videos or targeted exercises, they tend to assimilate information better, 

resulting in higher academic results  [17]. 

3. Reduced drop-out rates: Personalized learning paths help to reduce drop-out rates, 

a common problem with e-learning platforms. By constantly adjusting the diffi-

culty and relevance of the content on offer according to learners' performance, plat-

forms such as Coursera and Khan Academy manage to keep users engaged and 

minimize dropouts, thereby increasing student retention and continued progress 

[18] . 

3.4 Practical challenges 

Technical implementation  
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Integrating neural networks into e-learning systems poses several technical challenges. 

CNNs and RNNs require an advanced IT infrastructure, often incompatible with exist-

ing platforms. E-learning platforms need to be adapted to enable real-time analysis of 

multimedia data, such as videos and images, without detracting from the user experi-

ence. 

For example, using CNN to analyze videos in real time can lead to system overload, 

particularly if the platform is not optimized for the intensive computing required by 

these algorithms. [11]. In addition, integrating CNNs to model learners' interactions 

with educational content requires fine-grained management of data sequences and can 

lead to latency problems if systems are not properly configured. [15]. 

Performance and cost  

Neural networks, although very powerful for multimedia analysis, are resource-hungry. 

Running CNNs and RNNs on large datasets, such as educational videos, requires 

Graphics Processing Units (GPUs) and sometimes Tensor Processing Units (TPUs) to 

ensure fast and efficient information processing.  [10] This requirement can make inte-

gration costly, especially for small educational institutions or e-learning platforms op-

erating on limited budgets. 

In addition, the collection, storage, and processing of large amounts of data, including 

learner interaction sequences, can significantly increase the operational costs associated 

with servers and data storage. These infrastructures, while effective in delivering a per-

sonalized learning experience, can make large-scale deployment of neural networks in 

educational contexts difficult. [14]. 

4 Conclusion  

Summary of benefits and challenges  

CNNs (Convolutional Neural Networks) and RNNs (Recurrent Neural Networks) 

have the potential to revolutionize e-learning platforms by introducing advanced per-

sonalization of learning paths. CNNs are particularly effective at analyzing multimedia 

resources such as images and videos, enabling precise recommendations to be tailored 

to learners' preferences. In parallel, RNNs, with their variants such as LSTM (Long 

Short-Term Memory), enable users' learning behaviors to be modeled over time, ad-

justing pedagogical content in real-time according to progress and difficulties [15] . 

The major advantage of these networks is their ability to personalize content and 

optimize learning paths, leading to increased learner engagement, improved academic 

results, and reduced dropout rates. [16]. However, challenges associated with their in-

tegration into e-learning systems include the need for large amounts of data for model 

training, costly infrastructures for computation and storage, as well as latency issues in 

real-time analysis of learning behaviors. [10]. 

 

 

Prospects 
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The future of e-learning platforms looks promising, with the development of even 

more advanced tools based on CNNs and RNNs. More sophisticated multimedia anal-

ysis methods, such as the integration of Generative Antagonistic Networks (GANs) and 

transformers, could enable an even finer analysis of learner behavior and preferences. 

These tools will facilitate the creation of more interactive and immersive learning en-

vironments, where multimedia resources are not only analyzed but also dynamically 

generated according to users' needs. [19]. 

In addition, the exploration of new forms of multimedia interaction, such as aug-

mented reality (AR) and virtual reality (VR), combined with the analysis capabilities 

of CNNs and RNNs, will pave the way for immersive and engaging learning experi-

ences. These technologies will enable learners to interact with three-dimensional con-

tent and immerse themselves in personalized learning environments, where adjustments 

will be made fluidly and in real time. [20] . 
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