
www.svedbergopen.com                   International Journal of Artificial Intelligence and Machine Learning 

 

Vol.6, No.1s, 2026                                                                                                                                                                       122 

 

 
DISSEMINATION OF KNOWLEDGE 

  

 

Hybrid Neural-Genetic Models for Adaptive Online Learning 

Resource Allocation 
B. Saraswati 1*, Dr.A. Deepak Kumar2, K. Samundeeswari 3, Ma’mirjon Yuldasho 4, Nasiba Eshkulova5, Kamola 
Mirzayeva6 
 

1*Assistant Professor, Computer Science, Meenakshi College of Arts and Science, Meenakshi Academy of Higher Education and 

Research, Tamil Nadu, India. E-mail: saraswatib@maher.ac.in 

2Associate Professor, Department of Computer Science and Engineering, St. Joseph’s Institute of Technology, OMR, Chennai, Tamil 

Nadu, India. E-mail Id: deepakkumar@stjosephstechnology.ac.in, https://orcid.org/0000-0002-3443-6959 

3Assistant Professor, Department of Commerce, Meenakshi College of Arts and Science, Meenakshi Academy of Higher Education 

and Research, Tamil Nadu, India. E-mail: kscommerce@maher.ac.in 

4Acting Associate Professor, Department of Theory of Physical Culture Fergana State University, Fergana, Uzbekistan. 

E-mail: mamirjonyuldashev959@gmail.com, https://orcid.org/0009-0009-8651-7919 

5Department of Medicine, Termez University of Economics and Service Termez, Uzbekistan.  

E-mail: nasiba_eshqulova@tues.uz,  https://orcid.org/0009-0008-4177-4084 

6Researcher in Pedagogical Sciences, Jizzakh State Pedagogical University Jizzakh, Uzbekistan.  

 E-mail: kamolamirzayeva388@gmail.com 

*Corresponding author: Email: saraswatib@maher.ac.in 

 

 

 

 

 

 

 

SvedbergOpen 

International Journal of Artificial 

Intelligence and Machine Learning 

Publisher's Home Page: https://www.svedbergopen.com/ 

Research Paper    Open Access 

Abstract 

Keywords: 

This is an open access article under CC BY 4.0, allowing unrestricted use with proper attribution, a license link, and indication of any changes made. 

 

http://www.svedbergopen.com/
mailto:saraswatib@maher.ac.in
mailto:deepakkumar@stjosephstechnology.ac.in
mailto:kscommerce@maher.ac.in
mailto:mamirjonyuldashev959@gmail.com
https://orcid.org/0009-0009-8651-7919
mailto:nasiba_eshqulova@tues.uz
https://orcid.org/0009-0008-4177-4084
mailto:saraswatib@maher.ac.in
https://www.svedbergopen.com/


www.svedbergopen.com                   International Journal of Artificial Intelligence and Machine Learning 

 

Vol.6, No.1s, 2026                                                                                                                                                                       123 

 

1. Introduction 

The rapid development of digital educational technologies has transformed the approach to delivering, accessing, 

and personalizing the educational materials across academic and professional environments. Contemporary 

online learning systems allow educating thousands of students through Massive Open Online Courses (MOOCs), 

Intelligent Tutoring Systems, virtual classrooms, and cloud educational ecosystems. As the complexity of these 

systems grows, the problem of proper learning resources allocation becomes more relevant as an area of study 

[23]. Learning resources allocation in online learning systems refers to a dynamic process of distributing learning 

resources, including learning materials, computing resources, instructional services, and recommendation 

systems according to learners' needs, restrictions in the system, and pedagogical purposes. 

Generally, traditional techniques of allocating resources often involve static models or pre-defined schedules that 

fail to account for the ever-changing behaviors of learners. Within the realm of e-learning systems, there is 

considerable dynamism involved regarding modifications in the learners' behavior concerning engagement, 

cognitive abilities, focus, and rate of learning. Hence, there is a necessity to formulate adaptive algorithms that 

are capable of allocating resources in a dynamic manner following an evaluation of learners' behaviors for 

increasing efficiency in the process of learning and resource allocation. The emergence of artificial intelligence 

and machine learning technologies has facilitated the development of algorithms for resource allocation that 

consider learners' behaviors. 

Adaptive allocation has emerged as an important prerequisite for any future online learning systems, owing to 

the constant dynamic changes in the online learning environment. Since learning behaviors in large scale 

educational systems are diverse, interactions will always vary based on the level of cognitive activity, learning 

speed, emotional state, and environmental context. The deployment of static allocation strategies will often lead 

to inefficient use of computing resources, improper distribution of learning materials, learner dissatisfaction, 

and poor learning results. Adaptive allocation systems are designed to overcome these problems by monitoring 

learner behaviors and allocating computing resources efficiently [14][22]. 

This significance of adaptive allocation becomes much more evident when different types of learners are 

involved, along with uncertain network conditions and diverse learning objectives. For example, people with 

weak conceptual understanding will require additional clarifications through multimedia presentation, 

interaction activities, and tutor help, while those at advanced levels will benefit from accelerated learning paths 

and complex problem-solving mechanisms. Similarly, adaptive allocation enables websites to effectively utilize 

server capacity, reduce latencies, and maintain the quality of their services amidst numerous users. 

Moreover, an adaptive system has significant importance for retention, academic success, and motivation of the 

learners. The motivation of learners can be increased by providing a personalized learning experience that gives 

relevant educational content according to the preferences and skills of learners. Recently, researchers have 

demonstrated the significance of advanced learning systems in increasing the completion rates of learners and 

reducing dropout chances[23]. However, there are many challenges associated with the adaptation process 

because of conflicting objectives in the learning process, which include academic performance, efficiency, 

resource balance, and fair treatment of learners. Therefore, advanced optimization algorithms should be used. 

Neural-genetic hybrid models have been introduced as an efficient approach to deal with complicated 

optimization and decision-making issues in adaptive systems. Neural-genetic models utilize both the learning 

capability of artificial neural networks and the global search capability of genetic algorithms. Strengths of 

Artificial Neural Networks include the fact that it can recognize patterns, forecast learning patterns, and detect 

nonlinear relationships between data. On the other hand, problems such as local minima, parameter sensitivity, 

and computational speed may arise in neural networks when optimizing the model. Genetic Algorithms utilize 

natural techniques such as selection, crossover, and mutation for the purpose of optimization. 

The fusion of neural networks and genetic algorithms makes it possible to design intelligent adaptive systems 

that possess the ability to learn and optimize continuously. In an online environment, a combination of the two 

techniques is able to evaluate the interactions of learners, predict their demands, optimize recommendation 

approaches, and allocate educational resources with more accuracy and effectiveness. While neural networks 
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can be used to perform predictive analysis and make decisions, genetic algorithms provide optimization solutions 

through the identification of successful allocation strategies in varying circumstances. 

The importance of the current research is explained by the rising necessity for scalable and intelligent adaptive 

learning structures that would enable processing and managing different learner demands. Current approaches 

to resource allocation pay attention either to optimizing resource allocation or improving prediction accuracy; 

however, few attempt to use them together in order to develop intelligent adaptive learning infrastructures. A 

hybrid approach to predicting and allocating online learning resources using neural and genetic algorithms is 

expected to lead to enhanced user engagement and efficient use of computational resources. 

The key contributions of this study include: 

1. Adaptive online learning resource allocation in a hybrid neural-genetic approach. 

2. Incorporating neural learning with evolutionary computation in decision-making processes. 

3. Enhancing personalization and resource utilization in educational systems. 

4. Measuring adaptive allocation through several optimization and learning criteria. 

5. Proposing an architecture that can be used in intelligent e-learning environments and cloud-based 

education ecosystems.  

The rest of the paper is organized as follows. In Section 2, we discuss the related work and research studies 

performed on adaptive learning systems, neural networks, and genetic algorithms for optimization. The 

proposed approach of a hybrid learning system using neural networks and genetic algorithms is discussed in 

Section 3. Section 4 gives an overview of the experimental results and performance comparisons. Sections 5 

present conclusions drawn from the paper. 

 

2. Literature Survey 

The rising complexity of such environments has encouraged scholars to develop intelligent and adaptive ways of 

allocating resources that will facilitate personalization, enhance scalability, and reduce computational burden. 

There have been several scholarly works conducted on the use of artificial intelligence, intelligent neural learning, 

and evolutionary computation in addressing allocation issues in computing and educational fields [19][20]. 

Adaptive e-learning systems have gained popularity due to the increasing interest in personalized digital 

education platforms [12]. The authors in [2], through their investigation, revealed that the analysis of learner 

behaviors is necessary in developing adaptive learning systems that will foster an effective learning experience. 

In this context, [8] developed adaptive intelligent systems for recommending learning materials in digital library 

environments. From their findings, intelligent recommendation systems play an essential role in improving the 

access and personalized learning experience of learners. They also investigated the development of adaptive 

algorithms for testing and evaluating e-learning systems [6][24]. 

Resource allocation and scheduling optimization are other areas that have been explored with interest within 

cloud and distributed computing settings. Previous research conducted into AI-driven resource scheduling in 

cloud computing infrastructures has concluded that intelligent resource allocation can enhance efficiency and 

balance of load [3]. Another previous study conducted an analysis of particle swarm optimization in allocating 

energy and bandwidth to satellites used in communication networks, demonstrating that evolutionary 

optimization algorithms are effective in dealing with dynamic changes in resource allocation [7]. This shows that 

adaptive optimization is necessary when considering the variable demands and environment in online education 

platforms [11][18]. 

Hybrid neural-genetic methods have proved to be efficient solutions in dealing with complicated optimization 

processes where nonlinear relations exist within multidimensional search spaces. In this study, LSTM neural 

networks were combined with genetic algorithms in the problem of investment portfolio optimization, and it was 

found that using hybrid neural networks gave better optimization results than the use of individual models 

[4][10]. In addition, this study suggested a genetic algorithm that could predict water levels by combining it with 

a back propagation neural network and was found to be more accurate [9].  
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Further research proved the efficiency of hybrid AI technologies in industry and forecasting. This paper applied 

a neural-genetic approach in order to forecast the separation efficiency of industrial magnetic processes and 

showed better forecasting results compared to the conventional optimization techniques [16]. The authors 

proposed an approach based on hybrid machine learning to assess and classify flood risks, stressing the 

significance of integration between prediction learning and optimization in changing conditions [13]. Previously, 

a hybrid approach of neuro-fuzzy modeling was proposed to estimate reservoir pressures [17][5]. 

Other research in the optimization field has emphasized intelligent evolutionary systems and adaptive 

forecasting. It developed an optimization model called evolutionary portfolio optimization and enhanced 

optimization performance with an intelligent evolutionary computation technique [1]. It introduced SEIRIOS 

optimization architecture and highlighted the importance of adaptive intelligent optimization within complex 

decision-making frameworks [15][25]. It discussed different types of adaptive and hybrid forecasting models and 

concluded that the hybrid intelligent model performed better than other predictive models because of higher 

adaptability and robustness properties [21]. 

From the literature survey, it is clear that neural networks give better predictions, whereas the genetic algorithm 

is an effective global optimization technique. Nevertheless, most of the literature surveys deal with prediction or 

optimization separately. There is very little research in the area of intelligent allocation strategy in which both 

neural networks and genetic algorithms are used together for online learning resource allocation. Besides, 

current education allocation systems lack an adaptive learning approach, scalability, and multi-objective 

optimization techniques. 

Thus, this study suggests using the Hybrid Neural-Genetic Model for Intelligent Online Learning Resource 

Allocation. This model utilizes the power of predictive analytics about the behavior of learners, combined with 

evolutionary methods, to make efficient resource allocations for optimal results. This study aims to bridge a gap 

in the current literature regarding the use of neural and genetic approaches for online learning resource 

allocation. 

 

3. Methodology 

Figure 1 presents the architectural representation of the proposed hybrid neural-genetic system design. In the 

hybrid approach presented, the inputs include interaction data of learners, learner performance, and system 

resources, which are fed into the prediction module of the neural network to make an analysis of the 

requirements of the learners. The Genetic Algorithm optimization module is used to optimize the neural 

parameters as well as the allocation strategies by making use of operations like selection, crossover, and 

mutation. The integration layer makes use of both predictive learning and optimization outcomes to make 

allocation strategies that include personalizing content, optimizing bandwidth, intelligent tutoring, and load 

balancing. 
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Figure 1: Architecture of the Proposed Hybrid Neural–Genetic Framework for Adaptive Online 

Learning Resource Allocation 

 

Description of Neural Network Architecture 

The suggested framework for adaptive online learning resource allocation uses a multilayer ANN to represent 

learner behavior and identify the best learning resource requirements. The ANN model is intended to work with 

heterogeneous education data such as learner interaction records, test scores, duration of sessions, frequency of 

engagement, and access patterns. The goal of the ANN module is to determine the best learning resources and 

allocation priorities for each learner based on the current educational situation. 

The ANN is composed of an input layer, several hidden layers, and an output layer. Assume that the feature vector 

for a given equation 1: 

𝑋 = {𝑥1, 𝑥2, 𝑥3, … , 𝑥𝑛}                                                           (1) 

where 𝑥𝑖denotes the 𝑖𝑡ℎlearner feature and 𝑛represents the total number of input attributes. 

Hidden layers calculate weighted transformations by means of activation functions to represent nonlinear 

relations among learner features and resource needs. The output from the hidden neuron can be represented by 

equation 2: 

ℎ𝑗 = 𝑓(∑ 𝑤𝑖𝑗
𝑛

𝑖=1
𝑥𝑖+𝑏𝑗)                                                       (2) 

where: 

• 𝑤𝑖𝑗represents the connection weight between input neuron 𝑖and hidden neuron 𝑗,  

• 𝑏𝑗denotes the bias term,  
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• 𝑓(⋅)is the activation function.  

Rectified Linear Unit (ReLU) is chosen because of its efficiency and better convergence performance are shown 

in equation 3: 

𝑓(𝑧) = max⁡(0, 𝑧)                                                      (3) 

Predictions of adaptive allocation for different resource types, such as content recommendation, bandwidth 

allocation, and tutoring, are made by the output layer. Prediction is determined by equation 4: 

𝑦𝑘 = 𝑔 (∑ 𝑣𝑗𝑘
𝑚

𝑗=1
ℎ𝑗+𝑐𝑘)                                           (4) 

where: 

• 𝑣𝑗𝑘denotes the weight connecting hidden neuron 𝑗to output neuron 𝑘,  

• 𝑐𝑘represents the output bias,  

• 𝑔(⋅)is the output activation function.  

Neural network optimization involves minimizing the difference between the actual and predicted allocation 

results. This is mathematically presented by mean squared error (MSE) are illustrated in equation 5: 

𝑀𝑆𝐸 =
1

𝑁
∑ (

𝑁

𝑖=1
𝑦𝑖 − 𝑦̂𝑖)

2                                          (5) 

where: 

• 𝑦𝑖is the actual allocation value,  

• 𝑦̂𝑖is the predicted allocation value,  

• 𝑁denotes the total number of training samples.  

In neural networks, weights are continuously updated throughout training to enhance performance in adaptive 

decision making. 

 

Description of Genetic Algorithm Parameters 

Genetic algorithm (GA) will be incorporated for optimizing resource allocation strategies and NN parameters. 

GAs are search methods based on evolutionary ideas of natural selection, inheritance, and genetics. In this 

approach, GA will increase global search ability as well as prevent any premature convergence associated with 

conventional learning approaches. Each member in the population is represented by a resource allocation 

strategy encoded by equation 6: 

𝐶 = {𝑐1, 𝑐2, 𝑐3, … , 𝑐𝑚}                                                        (6) 

where 𝑐𝑖denotes an allocation parameter or neural network weight. 

The initial population is generated randomly represented in equation 7: 

𝑃(0) = {𝐶1, 𝐶2, 𝐶3, … , 𝐶𝑝}                                                   (7) 

where 𝑝is the population size. 

The fitness function evaluates the effectiveness of each chromosome based on allocation accuracy, learner 

satisfaction, and resource utilization efficiency. The generalized fitness function is expressed as equation 8: 

𝐹(𝐶𝑖) = 𝛼𝐴𝑖 + 𝛽𝑈𝑖 + 𝛾𝑆𝑖                                                   (8) 

where: 

• 𝐴𝑖represents prediction accuracy,  

• 𝑈𝑖denotes resource utilization efficiency,  

• 𝑆𝑖indicates learner satisfaction score,  

• 𝛼, 𝛽, and 𝛾are weighting coefficients.  
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Selection is performed using roulette-wheel or tournament selection to identify high-performing chromosomes 

for reproduction. The selection probability is defined as equation 9: 

𝑃𝑖 =
𝐹(𝐶𝑖)

∑ 𝐹(
𝑝
𝑗=1 𝐶𝑗)

                                                                   (9) 

Crossover operation combines parent chromosomes to generate offspring solutions are given in equation 10: 

𝑂1 = 𝜆𝐶𝑎 + (1 − 𝜆)𝐶𝑏                                                   (10) 

where:  

• 𝐶𝑎and 𝐶𝑏are parent chromosomes,  

• 𝜆is the crossover coefficient.  

Mutation introduces random variations to maintain population diversity and avoid local optima are shown in 

equation 11: 

𝐶𝑖
′ = 𝐶𝑖 + 𝛿                                                                           (11) 

where 𝛿is a random mutation factor. 

The iterative optimization process continues until convergence criteria such as maximum generations or 

minimum error threshold are satisfied. 

 

Integration of Neural Network and Genetic Algorithm for Adaptive Allocation 

The hybrid approach is based on the integration of neural network predictions with evolutionarily-based 

optimization to adaptively allocate resources for online learning. The neural network analyzes learner behaviors 

and predicts resource demands, whereas the genetic algorithm fine-tunes network parameters and resource 

allocations. 

The hybridization (Equation 12) procedure starts by representing the neural network weights and biases into 

chromosomes: 

𝐶𝑖 = {𝑊𝑖 , 𝐵𝑖}                                                                     (12) 

where: 

• 𝑊𝑖represents neural weights,  

• 𝐵𝑖denotes bias parameters.  

A genetic algorithm generates the initial neural configuration population, and each is scored according to the 

neural network performance criterion. Parameters of the neural network are iteratively adjusted by the improved 

chromosome are expressed in equation 13: 

𝑊𝑡+1 = 𝑊𝑡 + Δ𝑊𝐺𝐴                                                        (13) 

where: 

• 𝑊𝑡denotes current weights,  

• Δ𝑊𝐺𝐴represents GA-optimized weight adjustment.  

Resource allocation decisions are made adaptively based on predictions of learner needs and optimized resource 

allocation policies are shown in equation 14: 

𝑅𝑎 = 𝜙(𝐿𝑑 , 𝑂𝑔)                                                                  (14) 

where: 

• 𝑅𝑎denotes adaptive resource allocation,  

• 𝐿𝑑represents learner demand prediction,  

• 𝑂𝑔indicates GA-based optimization output,  
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• 𝜙is the adaptive decision function.  

Overall optimization aims to minimize allocation errors and maximize the degree of learner engagement and 

efficiency in computation are represented as equation 15: 

𝐽 = min(𝜂1𝐸 + 𝜂2𝐶 − 𝜂3𝐺)⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡            (15) 

where: 

• 𝐸denotes prediction error,  

• 𝐶represents computational cost,  

• 𝐺indicates learner engagement gain,  

• 𝜂1, 𝜂2, 𝜂3are balancing coefficients.  

The combination of neural and genetic algorithms allows for adaptive learning in changing education settings by 

incorporating prediction with evolutionary optimization. This ensures greater personalization accuracy, 

allocation efficiency, and scalability in intelligent online learning systems. 

 

4. Experimental Setup 

 

Description of Dataset Used for Testing 

The experimentation with the suggested Hybrid Neural-Genetic Model for Adaptive Online Learning Resource 

Allocation has been executed on a large dataset of learner interactions, obtained from online learning systems. 

Learner activity data, course interactions, learners' assessment results, access rates for the learning material, and 

other statistics of resource utilization have been acquired from intelligent e-learning platforms to provide a 

simulation of a realistic, dynamic environment where resource allocation processes keep changing. 

The dataset consists of roughly 50,000 learner interactions collected from several different online courses related 

to technical, scientific, and management subjects. Each record of the interaction data set contains information 

about specific features such as session time, number of logins, quiz results, homework submission rates, learning 

speed, engagement, devices used by the learners, and preferences in accessing information in various forms. 

System-related attributes are included to cover adaptive learning resource allocation. 

In order to increase the reliability and consistency of the model, pre-processing steps were taken on the data set, 

such as imputation of missing values, normalization, encoding categorical variables, and smoothing. The 

numerical variables were normalized using Min-Max normalization as follows equation 16: 

𝑋′ =
𝑋−𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛
                                                              (16) 

where: 

• 𝑋represents the original feature value,  

• 𝑋𝑚𝑖𝑛and 𝑋𝑚𝑎𝑥denote minimum and maximum feature values,  

• 𝑋′is the normalized output.  

The data was split into training, validation, and test sets at the ratios of 70%, 15%, and 15% respectively. The 

training set was used in training the model, the validation set was used for parameter tuning, while the test set 

was used in evaluating the performance of the model. 

The types of adaptive allocations examined within the experiment include: 

1. Content recommendation adaptation 

2. Bandwidth adaptation  

3. Tutoring resource allocation adaptation  

4. Computational load adaptation  

5. Schedule assessment optimization adaptation 
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All these forms of allocations represent practical applications in today’s online learning platforms. 

Evaluation Metrics for Comparing Different Allocation Strategies 

In order to measure the efficacy of the designed model in terms of the ability to make allocations, various 

performance measures were applied when comparing the results of the hybrid model to other machine learning 

models and optimization techniques. 

Accuracy 

Resource Allocation Accuracy determines how accurately the decision for allocation is made in equation 17: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                                                         (17) 

where: 

• 𝑇𝑃= True Positive,  

• 𝑇𝑁= True Negative,  

• 𝐹𝑃= False Positive,  

• 𝐹𝑁= False Negative.  

Precision 

Precision (Equation 18) evaluates the correctness of predicted allocation recommendations: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                                                        (18) 

Higher precision indicates improved allocation reliability. 

Recall 

Recall (Equation 19) determines how well the model can identify required allocations: 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                                                                (19) 

F1-Score 

The F1-score serves as an equal assessment of both precision and recall are shown in equation 20: 

𝐹1 =
2×𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
                                                                    (20) 

Resource Utilization Efficiency 

Equation 21 evaluates the effectiveness of resource consumption during adaptive allocation: 

𝑅𝑈𝐸 =
𝑅𝑢𝑠𝑒𝑑

𝑅𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒
                                                                              (21) 

where: 

• 𝑅𝑢𝑠𝑒𝑑represents utilized resources,  

• 𝑅𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒denotes total available resources.  

 

Mean Squared Error (MSE) 

Equation 22 evaluates prediction deviation between actual and predicted resource allocations: 

𝑀𝑆𝐸 =
1

𝑁
∑ (

𝑁

𝑖=1
𝑦𝑖 − 𝑦̂𝑖)

2                                                               (22) 

  Implementation Details of Hybrid Model 

The suggested neural-genetic approach was realized based on the layered computational approach combining 

neural prediction algorithms with evolutionary optimization approaches. The environment of the realization 

included advanced computational technologies ensuring the efficient processing of educational data and 

adaptive optimization techniques. 
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For the neural network part, a multilayer feed-forward network with two hidden layers was realized. While the 

first layer analyzed learner and system characteristics, hidden layers detected nonlinear behavioral patterns 

related to resource demands. Output layers produced predictions concerning resource allocations in several 

categories. ReLU activation function was applied in hidden layers, while Softmax function was employed in 

output layers. 

The genetic algorithm was responsible for optimizing neural network weights, learning rates, and allocations 

policies. Implementation parameters are provided in the table 1 

 

Table 1: Configuration Parameters for the Proposed HMARL-NLP Optimization and Training Model 

Parameter Value 
Population Size 100 
Number of Generations 200 
Crossover Rate 0.8 
Mutation Rate 0.05 
Learning Rate 0.001 
Hidden Layers 2 
Batch Size 64 
Epochs 150 

Hybrid Optimization consists of three major steps: 

1. Training of neural networks using learner interaction data  

2. Optimization using genetic algorithm of network parameters and allocation policies  

3. Resource allocation policy generation by optimization 

The objective function to optimize is defined as equation 23: 

𝑂𝑏𝑗 = max(𝜔1𝐴 + 𝜔2𝑅𝑈𝐸 + 𝜔3𝐿𝐸𝑆 − 𝜔4𝑀𝑆𝐸)⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡     (23) 

where: 

• 𝐴= allocation accuracy,  

• 𝑅𝑈𝐸= resource utilization efficiency,  

• 𝐿𝐸𝑆= learner engagement score,  

• 𝑀𝑆𝐸= prediction error,  

• 𝜔1, 𝜔2, 𝜔3, 𝜔4are weighting coefficients.  

The suggested approach was benchmarked using traditional methodologies, such as neural networks alone, rule-

based allocation strategies, and genetic optimization algorithms. The results of simulation studies showed that 

the hybrid approach provided better adaptation capability, minimized allocation errors, increased user 

participation, and offered higher processing speeds. 

 

5. Results 

 

Comparison of Hybrid Model with Neural Network and Genetic Algorithm Alone 

As can be seen from the experiments, the Hybrid Neural-Genetic Model substantially exceeds the performance of 

separate neural network and genetic algorithms models in terms of various adaptive allocation measures. The 

comparative study was done using identical sets of training data, computing resources, and testing parameters. 

The separate neural network exhibited excellent predictive skills owing to its capacity to acquire non-linear 

patterns in the interaction of learners. Nevertheless, the model showed average results in the allocation process 

due to possible local minima convergence and sensitivity of initial parameter values. The genetic algorithm 

proved to have higher effectiveness in global optimization, but did not offer the precise predictive skills needed 

to analyze learners' behavior. The combination of the two approaches made it possible to do effective prediction 

and optimization at once. 
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Table 2 presents the comparative performance analysis of the three approaches. 

Table 2: Performance Comparison of Allocation Models 

Metric 
Neural 
Network 

Genetic 
Algorithm 

Hybrid Neural-Genetic 
Model 

Accuracy (%) 89.2 85.6 96.4 

Precision (%) 88.1 84.3 95.8 

Recall (%) 87.5 83.9 96.1 

F1-Score (%) 87.8 84.1 95.9 

Resource Utilization Efficiency 
(%) 

82.6 86.9 94.7 

Mean Squared Error 0.083 0.097 0.028 

Response Time (ms) 214 268 176 

Learner Engagement Score 0.79 0.74 0.91 

The proposed hybrid approach had an allocation accuracy rate of 96.4%, which is a marked improvement from 

the pure neural network model, achieving 7.2% better performance, and the genetic algorithm model, with 

10.8% improvement. Likewise, the MSE value fell to 0.028, providing evidence for greater prediction accuracy 

and allocation consistency. The efficiency of resource usage was greatly enhanced due to the joint efforts made 

by the hybrid model in addressing both learner demands and resource limitations at the system level. 

 
Figure 2: Comparative Performance Analysis of Neural Network, Genetic Algorithm, and Hybrid 

Neural–Genetic Models 

In figure 2, the performance comparison between the suggested Hybrid Neural-Genetic Model and the individual 

Neural Network Model and Genetic Algorithm is presented using several criteria for adaptive allocation. Figure 

2(a) represents the comparison between the performance of the classifier and efficiency measures (accuracy, 

precision, recall, F1-score, and efficiency in the use of resources), which shows a better performance in most 

cases, with values over 95%. Figure 2(b) represents the response time analysis for adaptive allocation, wherein 

the proposed model proves more effective as the allocation is completed much faster than with traditional 

techniques. Figure 2(c) represents Mean Squared Error (MSE), where it can be seen that the predicted errors are 

lower for the proposed solution. Figure 2(d) represents the performance of the learners' engagement with the 

highest level of engagement with the proposed framework. 
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The decreased response time also signifies that the hybrid framework effectively manages predictive 

computations and optimization processes. Increased engagement rates among learners imply that personalized 

resource allocation promotes learner interactions. 

 

Analysis of Performance in Dynamic Allocation Scenarios 

Further analysis on the effectiveness of the proposed framework was conducted in the context of a dynamic 

allocation process characterized by varying learner populations, varied network conditions, and different 

educational needs. 

The hybrid model showed impressive adaptability when dealing with high-demand situations, as evidenced by 

its continued ability to allocate resources optimally despite changes in learner population size. Conventional 

rule-based and individual models faced challenges such as delayed allocation processes, inaccurate predictions, 

and inefficient resource utilization, especially during peak utilization times. On the other hand, the hybrid model 

dynamically reallocated resources based on evolutionary search and learner predictability. 

The dynamic allocation aspect of the proposed model can be expressed mathematically as equation 24: 

𝐴𝑑(𝑡) = 𝑓(𝐿𝑡 , 𝑅𝑡 , 𝑂𝑡)                                         (24) 

where: 

• 𝐴𝑑(𝑡)represents adaptive allocation at time 𝑡,  

• 𝐿𝑡denotes learner demand variations,  

• 𝑅𝑡indicates available resource conditions,  

• 𝑂𝑡represents optimized allocation policies.  

From experimentally obtained results, it was established that the proposed approach is capable of managing: 

1. Rapid changes in learner request rates 

2. The variability of content access rates  

3. Bandwidth variations in real time   

4. Computational load disparities  

5. Personalized recommendation updates 

The ability of genetic algorithms to evolve and optimize allowed for a constant exploration of other possible 

allocation policies, whereas neural networks were capable of adjusting to changes in learner behavior 

dynamically. Such an approach considerably enhanced scalability and robustness. 

Moreover, in comparison with isolated models, it provided a reduction in allocation imbalance of 18%. Besides, 

such an approach helped avoid wasting any resources due to their inefficient use. 

 

Discussion of Implications and Limitations of Results 

The acquired findings point to the significance of the integration of neural learning and evolutionary computation 

in the context of adaptive online learning resource allocation. The higher efficiency of the hybrid model proves 

the viability of the integration of predictive intelligence and global optimization within the educational setting. 

The first primary implication of this research pertains to the implementation of hybrid intelligent models in 

large-scale e-learning services, cloud educational solutions, and intelligent teaching environments. Such hybrid 

solutions might improve the efficiency of resource allocation within the online learning environment, resulting 

in enhanced user satisfaction and low dropout rates, alongside personalized and scalable educational 

experiences. The educational establishments may apply the presented framework to optimize the infrastructure 

of servers, instructional assistance, and digital content delivery. 

In addition, this investigation adds value to the area of intelligent educational systems through the presentation 

of the capacity of hybrid artificial intelligence models to solve multi-objective optimization issues, considering 

aspects related to the involvement of learners, the cost of computations, and resource equity simultaneously. 
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However, there are also some drawbacks to consider. Firstly, the complexity of computing hybrid optimization is 

higher for large-scale datasets with numerous characteristics of learners. Hybridization of neural learning and 

genetic optimization involves using substantial computational power during the process of training and 

optimization. Secondly, the experimental evaluation was focused on structured educational interaction data only; 

thus, performance may differ when using it in the context of unstructured multimedia/multimodal learning. 

One more drawback refers to the parameter sensitivity due to genetic algorithm operations such as mutation 

rate, population size, and crossover probability. Improper configuration of those parameters might influence the 

speed of convergence and allocation reliability. In addition, the application of the proposed algorithm involves 

taking into account ethics-related aspects such as learner data privacy, algorithmic biases, and automated 

educational decisions. 

Potential improvements might be related to using the techniques of deep reinforcement learning, federated 

learning, and explainable artificial intelligence. More research is needed in the area of multimodal educational 

analytics, emotion-aware adaptive learning, and edge-based intelligent resource allocation. 

 

6. Conclusion 

In this research, a novel Hybrid Neural-GA Model for Adaptive Online Learning Resource Allocation was 

suggested in order to enhance the personalization process and optimization effectiveness, as well as scalability 

in the digital education environment. The suggested model combines two important properties – prediction 

ability of artificial neural networks and optimization efficiency provided by GA – which allow overcoming 

problems of the existing allocation schemes. Thus, the outcomes show that the developed model is capable of 

successfully adapting to learners' behavior and system resource limitations, maintaining high level of adaptation 

accuracy and computational effectiveness. 

As a result, it can be stated that the suggested model shows higher adaptability and provides a better allocation 

accuracy level equal to 96.4%. Thus, the accuracy of the developed hybrid model is significantly higher than that 

of NN and GA-based models (by 7.2% and 10.8% respectively). Besides, the obtained MSE equals to 0.028 that 

also means the improvement of prediction precision and stability of the resource allocation process. Moreover, 

the Resource Utilization Efficiency equals to 94.7%, proving the possibility of effective allocation of educational 

and computational resources. Furthermore, the response time is 176 ms. As a consequence, learner engagement 

is equal to 0.91. 

The hybrid model was also proven to be able to adapt itself dynamically to changing learner compositions, 

varying bandwidth situations, and unbalanced computational loads during online classes. Combining both neural 

prediction and genetic optimization resulted in successful adaptation and balancing of computational resources 

in accordance with different educational needs. These results highlight the importance of using intelligent hybrid 

approaches in developing online education systems in the modern world. 

However, apart from good performance results, several issues should also be addressed as a subject matter for 

future research. It includes the complexity of algorithms, sensitivity to various parameters, and problems 

concerning data privacy protection. Thus, some improvements in this area may include implementing such 

techniques as reinforcement learning, explaining artificial intelligence solutions, and federated learning. Other 

topics that may be explored later might include multimodal analytics of learners, emotion-aware adaptivity, and 

edge computing-based allocation of resources. Overall, the approach suggested in the paper can be considered 

an effective way to solve problems in resource allocation. 
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