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1. Introduction 

The development of digital technologies, artificial intelligence, and online learning tools has been very rapid and 

innovative in the field of education, particularly STEM education. The application of intelligent tutoring systems, 

virtual labs, adaptive learning systems, and learning management systems in educational settings is becoming 

more prevalent nowadays to facilitate effective teaching and maximize student engagement. However, despite all 
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the innovations in technology, there is much to learn from the conventional techniques employed in traditional 

teaching in meeting the diverse cognitive skills, learning styles, and requirements of learners [14]. The process 

of learning itself, the demands for analysis in solving problems, and the dependencies among concepts constitute 

critical aspects of STEM fields that add complexity to their study and underscore the need for personalized 

instruction in achieving success in learning [5]. 

Customized learning trajectories are a possible answer to the problems of the one-size-fits-all learning 

environment. A personalized learning pathway is an adaptive learning sequence that adaptively recommends 

learning materials, evaluations, activities, and learning progression according to individual learner 

characteristics, prior knowledge, performance, engagement, and learning preferences [2]. In STEM education, 

these differences in conceptual understanding, mathematical reasoning, technical skills, learning speed, and 

more are often large and significant at the student level [14][21]. Not all of these variations can be addressed by 

traditional instructional systems, which leads to decreased learner motivation, inconsistent academic 

achievement, and increased dropout rates. Hence, educational researchers and practitioners have been turning 

their eyes to building intelligent adaptive systems that will offer personal learning experiences. 

The notion that personalizing learning can enhance student outcomes has received much attention in educational 

research. Personalized learning systems allow pupils to move forward in their own learning at their own level 

and receive targeted teaching to help them where needed [20][22][. These systems help drive higher levels of 

learner engagement, knowledge retention, better academics, and greater retention. Adaptive learning can assist 

in competency-based progression in STEM education by identifying gaps in understanding and suggesting the 

types of remedial resources needed. Moreover, personalized learning environments foster SRL, continuous 

feedback, and learner-centered instructional practices that are vital to the development of critical thinking and 

problem-solving skills that are important in STEM disciplines. 

With the continuous growth of learning big data from digital learning platforms, machine learning and deep 

learning methods are being integrated into adaptive educational systems at an unprecedented pace. With the use 

of data mining techniques in education, the learner's interactions with the learning environment, assessment 

outcomes, and level of behavioral engagement or progression history can be analyzed to make intelligent 

recommendations. While a number of current personalized learning systems are based on collaborative filtering 

or rule-based recommendations, or shallow machine learning models that are incapable of learning complex 

nonlinear relationships between learners or changing learning contexts. Such constraints limit the accuracy of 

the recommendations and the ability of adaptive learning systems to create personalized, optimized learning 

paths. 

This study is significant in solving the need for scalable STEM education personalized learning systems in the 

context of intelligent and context-aware systems. The world's educational systems are undergoing digital 

transformation, with a growing focus on fostering competency-based education, making the need for 

sophisticated AI frameworks with the ability to provide adaptive learning experiences more urgent than ever.  

Increasing student success in STEM subjects is an important educational goal because there is a need in society 

for scientific innovation, engineering skills, and technological expertise [12]. So, the creation of strong 

personalized learning models that can serve a variety of learners is both academically and practically significant.  

To tackle these challenges, this paper introduce a STEM education personalized learning pathway generation 

framework based on a Hybrid Siamese Neural Network (HSNN). Siamese neural networks are a type of deep 

learning network that are particularly developed for similarity learning through multiple subnetworks with 

shared weights, called twins. Such architectures work very well for finding the semantic relationships and 

similarity patterns between the paired inputs. For educational purposes, Siamese neural networks can be used 

to process learner similarity on academic performance, engagement behavior, assessment results, and learning 

trajectory, to make intelligent adaptive recommendations. 

The proposed HSNN framework proposes a new method that combines Siamese representation learning, 

attention mechanism-based feature fusion, and learner performance analysis, which improves the accuracy of 

pathway recommendations and context knowledge. The model leverages multi-dimensional educational data 

http://www.svedbergopen.com/


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

Vol.6, No.1s, 2026                                                                                                                                                                          254 
 
 

such as assessment scores, interaction history, learning behavior, and engagement indicators to create learner 

embeddings and provide adaptive learning recommendations. The integration of the attention model will further 

increase the capability of the model to concentrate on essential features of the learner and recognize the 

significance of relationships in the learning process. 

This research has made the following main contributions: 

• Design of a Hybrid Siamese Neural Network model for adaptive learning pathway generation for 

personalized learning in STEM education.  

• To enhance the accuracy of the learner representation and recommendation, the inclusion of attention-

based feature fusion mechanisms is proposed.  

• Leveraging multi-dimensional educational analytics (e.g., engagement behavior, academic performance) 

in intelligent pathway optimization.  

• Comparative study between the proposed framework and conventional recommendations and machine 

learning methods.  

• Study of how AI and adaptive learning platforms can be utilized to enhance classroom education in 

contemporary science, technology, engineering, and mathematics classrooms.  

This paper is organized as follows: The literature review on personalized learning systems and Siamese neural 

network application in education is given in Section II. Description of the methodology used, preparation of the 

data, and the experimental setup is given in Section III. Experimental results and comparative analysis are 

presented in Section IV. Implications, limitations, and possible applications of the results are deliberated upon in 

Section V. Conclusion and future direction of the study have been presented in Section VI. 

2. Literature Review 

Personalized learning has gained momentum as a popular topic of research in STEM education owing to the rise 

in need for adaptive learning environments that cater to the unique requirements of learners. Recent works have 

focused on using advanced technologies such as artificial intelligence, machine learning, and deep learning to 

enhance adaptive recommendation engines and learning pathway creation [10]. This study discussed the 

significance of advanced computational and artificial intelligence systems in modern day adaptive STEM learning 

environments [1]. The research found that intelligent educational platforms can significantly enhance 

engagement and learner personalization by using large-scale educational data. It also studied the application of 

deep learning in personalized learning pathways and found that intelligent adaptive systems enhanced 

knowledge retention, learner satisfaction, and self-regulation abilities [7]. 

Various works have been conducted on hybrid recommendation systems for education. For instance, this paper 

developed a knowledge-enhanced hybrid recommender system to support intelligent educational systems by 

integrating learner analytics and adaptive recommendation processes [3][23]. It found that by utilizing learner 

context with machine learning models, recommendation accuracy and educational adaptability are increased. 

Furthermore, this study conducted research work on AI-enabled content recommendations in learning 

management systems and found that hybrid filtering systems perform better than collaborative filtering systems 

[4]. It performed research on enhancing recommendation techniques in MOOCs through named entity 

recognition and adaptive searching optimization [18]. 

The use of Siamese neural networks for recommendation and similarity-learning purposes has attracted growing 

interest in recent times. For instance, this work came up with an MOOC recommender system based on Siamese 

neural networks to demonstrate the power of similarity learning for adaptive educational recommendations 

[16]. Their findings proved that the Siamese architecture is able to detect learner relations in sparsely populated 

educational data. In another study, a learning platform was designed using Siamese BERT to improve semantic 

similarity learning and recommendation [14]. Despite the fact that the two studies above prove the success of 

Siamese neural networks in educational contexts, their application was confined to content recommendation 

systems and language learning. 

Attention mechanisms have been another focus area in recent studies related to enhancing learner modeling and 

engagement analysis through deep learning techniques. According to this study, a self-attention based feature 
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pyramid architecture was proposed for analyzing student engagement, and the results showed that attention 

mechanisms can efficiently recognize significant patterns of interaction from learners [6]. Similarly, it used deep 

neural networks to conduct educational predictions and indicated the effectiveness of deep learning 

architectures in modeling nonlinear relations in educational data sets [13]. 

Various research works in non-educational areas have shown how effective hybrid Siamese neural network 

models are in solving classification and similarity problems. For instance, it designed a Siamese hybrid neural 

network model to solve fault diagnosis problems in unmanned aerial vehicles [17]. On the other hand, this study 

came up with a Siamese-based few-shot learning approach to tackle anomaly detection in cyber-physical systems 

[19][24]. The two research papers showed high accuracy and robustness in terms of representation learning 

capabilities of the Siamese model on multidimensional datasets. Furthermore, it also showed how a Siamese 

neural network helps in improving the classification performance of a CNN model [9]. 

Considering the role of artificial intelligence in transforming education, this paper analyzed the use of artificial 

intelligence in personalized learning environments and highlighted the rising significance of adaptive 

educational technologies in today’s digitized classrooms [15][8]. Moreover, another work analyzed the use of 

deep learning and reinforcement learning models in improving academic outcomes and found that intelligent 

adaptive systems played an important role in supporting learners’ achievements and decision-making processes 

related to education [11]. 

Based on the discussed literature, one may infer that contemporary studies have mainly concentrated on 

investigating adaptive recommendations systems, engagement analysis, hybrid recommendation approaches, 

and the application of Siamese neural networks in isolated educational tasks. Nevertheless, little attention has 

been paid to developing hybrid Siamese neural network models with attention-based feature fusion methods for 

personalized learning pathways in STEM educational settings. 

Hence, the gap is addressed by introducing a Hybrid Siamese Neural Network (HSNN) model that combines deep 

similarity learning, context-based feature extraction using attention mechanism, and educational analytics for 

intelligent recommendation of learning pathways. In contrast to existing approaches, this model is concerned 

with achieving accurate learner modeling, effective adaptive recommendation, and scalability of STEM 

educational personalized recommendations. 

3. Proposed Methodology  

3.1 Overview of the Proposed Framework 

In this study, a Hybrid Siamese Neural Network (HSNN) framework is proposed to create a personalized learning 

path in a STEM learning environment. The proposed framework combines deep similarity learning, attention-

based feature fusion, and educational analytics to detect similarities between learners and suggest adaptive 

learning sequences according to the characteristics of each learner. The proposed HSNN framework differs from 

the conventional recommendation systems that mostly depend on the static learner profile or collaborative 

filtering approaches to recommend learning materials, as it takes into account the complex nonlinear 

relationships among learners and changing learning habits. The system is uniquely designed to enable adaptive 

learning environments in which the learning content and learning path can be dynamically adjusted based on 

learners' performance, engagement, and conceptual understanding. 

The overall framework is based on the sequential methodological workflow starting with the collection of 

educational data from digital learning platforms, intelligent tutoring systems, and STEM-oriented online 

educational environments. The gathered educational data are preprocessed and feature-engineered to deal with 

inconsistencies and create meaningful learner indicators. Refined learner data are processed by the Siamese 

neural network architecture after the preprocessing to get the latent learner embeddings, which can represent 

academic and behavioral characteristics. A feature fusion mechanism based on attention is then used to 

emphasize the important attributes of the learner and enhance the understanding of context. Last but not least, 

the personalized recommendation engine creates adaptive learning pathways that match the skills, behavior, and 

learning process of the learner. The structure ends with model evaluation and comparative analysis to current 
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personalized learning models, to gauge the effectiveness of the model and how well it can scale in a STEM 

education environment. 

 
Figure 1 Architecture of the Proposed Hybrid Siamese Neural Network (HSNN) Framework for 

Personalized Learning Pathways in STEM Education 

Figure 1 shows the overall architecture of the proposed Hybrid Siamese Neural Network (HSNN) framework for 

personalized learning pathway generation in STEM education. The framework starts with educational data 

collection and preprocessing, learner feature extraction based on a Siamese neural network with the same 

weights to learn similarities, and finally, learner similarity learning. The attention model-based fusion layer 

boosts the representation of contextual features, and the personalized recommendation engine creates adaptive 

learning paths, recommended modules, and educational resources. Finally, the framework is tested with a 

number of performance indicators and comparison analysis tools for the accuracy of recommendations and 

effectiveness in education. 

3.2 Description of the Hybrid Siamese Neural Network Model 

The suggested framework for the SNN model combines Siamese similarity learning and attention-based 

contextual feature extraction for improving their personalized recommendation within STEM learning contexts. 

The architecture consists of four components: (1) Learner Feature Extraction Layer, (2) Siamese Similarity 

Learning Module, (3) Attention-Based Fusion Layer, (4) Personalized Recommendation Engine. The modules are 

designed to collaborate to analyze multidimensional learner data and produce adaptive educational 

recommendations. 

3.2.1 Learner Feature Extraction Layer 

The learner feature extraction layer processes the educational information that was gathered from the STEM 

learning environment and extracts the structured representations of learners for deep learning analysis. Student 

demographic information, quiz and assignment scores, learning behavior patterns, interactions with resources, 

time spent on learning paths and modules, learning progression history, scores from assessments, and 

engagement metrics are all included in the input data. All these features together offer a complete picture of what 

the learner does and how he or she behaves in digital educational systems. 
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Each learner is modeled as a high-dimensional feature vector that can capture the academic competency and 

engagement behaviors. Preprocessing techniques are used to enhance the quality of the representation and the 

efficiency of the model in the educational datasets, which generally consist of mixed data types. Both numerical 

educational attributes and categorical learner attributes are scaled using scaling methods and one-hot encoding 

techniques, respectively, and have similar value distributions for training the neural network. The extracted and 

processed features will then be converted into embedding representations, which will be fed into the Siamese 

similarity learning module. By allowing this learner representation process, the framework is able to model 

learner similarities and enable personalized learning recommendations to adapt to learners. 

3.2.2 Siamese Similarity Learning Module 

Shared weights and parameters make up the Siamese neural network architecture. The subnetworks work in 

parallel on the learner input vectors and produce a latent embedding representation. 

Let: 

• 𝑥1 and 𝑥2 represent two learner input vectors.  

• 𝑓(𝑥) denotes the embedding function learned by the neural network.  

The embedding vectors are represented in equations 1 and 2: 

ℎ1 = 𝑓(𝑥1)      (1) 

ℎ2 = 𝑓(𝑥2)   (2) 

Two functions, Euclidean distance and cosine similarity, are used to compute the similarity among learners. The 

Euclidean distance is obtained by equation 3: 

𝐷(ℎ1, ℎ2) = √∑ (
𝑛

𝑖=1
ℎ1𝑖 − ℎ2𝑖)

2       (3) 

The similarity score is formulated as equation 4: 

𝑆(𝑥1, 𝑥2) = 𝑒−𝐷(ℎ1,ℎ2)      (4) 

Students who have higher similarity scores are thought to have similar learning attributes, conceptions, and 

learning trajectories. 

3.2.3 Attention-Based Fusion Layer 

The architecture incorporates an attention mechanism to emphasize the important characteristics of the learner 

and the information associated with the learning environment context. The attention layer dynamically assigns 

weights to important educational attributes such as: 

• Assessment consistency  

• Learning engagement  

• Resource utilization  

• Concept mastery levels  

• Interaction persistence  

The attention mechanism is used to selectively highlight important educational information and reduce the 

effects of irrelevant features to better capture the context and enhance representation learning. 

The attention weight calculation is expressed as equation 5: 

𝛼𝑖 =
𝑒𝑥𝑝(𝑒𝑖)

∑ 𝑒𝑥𝑝(
𝑛
𝑗=1 𝑒𝑗)

       (5) 

Where, 𝛼𝑖represents the attention weight.  

Learner representations are refined using weighted embeddings and are used to generate recommendations. 

3.2.4 Personalized Recommendation Engine 

The personalized recommendation engine is based on similarity scores and optimized learner embeddings to 

provide personalized learning pathways based on individual student needs. The system evaluates the behavior 

of the learner, his/her performance, interaction history, and cognitive similarity with others in order to determine 

which education resources and activities are best for the learner. This similarity analysis provides the engine to 
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recommend adaptive learning modules, personalized quizzes, remedial learning materials for competing 

concepts, advanced STEM activities for higher performing learners, and sequences in which to progress the 

curriculum based on the learner's pace and competency level. The recommendation mechanism automatically 

adapts and optimizes the learning pathways based on the interactions and learning processes of actual learners, 

achieving dynamic adaptation and continuous improvement of the learning experience. This adaptive method 

increases student engagement, promotes better learning retention, and allows for individual instruction 

strategies to promote the efficient development of skills. 

3.3 Data Collection and Preprocessing Techniques 

3.3.1 Data Collection 

This study's experimental data were gathered from several online STEM learning platforms, intelligent tutoring 

systems, and simulated learning environments to ensure a diversity in learning behaviors and interactions within 

an educational context. The data is mostly structured educational records and behavioral learning data from 

students taking science, technology, engineering, and mathematics courses. The information was categorized 

into different types of information related to learners to enable comprehensive educational analytics and 

adaptive recommendation processes. It include academic performance records, quiz and assignment 

performance, records of interactions with the LMS, time-series engagement information, access to resources, 

learning progression information, and course completion history. The data also records the interactions of 

learners in various STEM areas, such as mathematics, engineering, computer science, and educational modules 

with a STEM focus. In this multi-dimensional educational data, the proposed framework could analyze the 

learning engagement, performance change, and knowledge acquisition patterns well. The academic and 

behavioral attributes were integrated for the system to additionally have the ability to suggest customized 

learning needs and adaptive pathway suggestions. 

3.3.2 Data Preprocessing 

Data from education systems can be inconsistent, incomplete, and noisy, which can impact the quality and 

accuracy of analysis and recommendations. Thus, several preprocessing methods were used to increase data 

reliability and the performance of the models. 

(a) Data Cleaning 

The data cleaning process was done to eliminate the redundant and unreliable data from the dataset. To prevent 

biased learning patterns, duplicate learner records were identified and removed. Inconsistent data (e.g., 

incomplete entries and corrupted records) were excluded. Consistency or continuity of data within academic 

attributes and interaction attributes was achieved by replacing missing values with some interpolation-based 

estimation methods. In addition, irrelevant or inconsistent learner activities were selectively excluded from 

behavioral interaction records as a result of noise reduction techniques. 

(b) Feature Engineering 

Feature engineering techniques have been adopted to develop informative education metrics that can be used to 

adequately represent the learner’s behaviour patterns and progress. Several derived features have been 

developed using feature engineering techniques including engagement metrics, learning consistency metrics, 

difficulty level encoding, performance trends, and knowledge acquisition metrics. These engineered features 

were instrumental in improving the ability of the framework to accurately capture intricate learner’s behaviors, 

detect learning trends, and generate personalized recommendations in STEM education domains. 

(c) Data Normalization 

Normalization of the numerical educational attributes was performed by the Min-Max method (equation 6): 

𝑋′ =
𝑋−𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛
        (6) 

One-hot encoding was carried out to encode categorical variables for training the neural network. 
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(d) Dataset Partitioning 

Data collection was then effectively divided into three portions to aid in training and unbiased testing of the 

models. Approximately 70% of the data collected were put towards training, where the model learns the 

relationship among the learners, education relationships, and recommendable structures. Some 15% of the total 

collected data were reserved for the validation portion, which was meant for hyperparameter tuning and model 

optimization. Finally, 15% of the total data collected were left for testing purposes. This kind of data partitioning 

facilitated the development and validation of the model through an experiment. 

3.4.2 Experimental Design 

The experimental setup involves the proposed HSNN model with traditional personalized learning methods, such 

as: 

1. Collaborative Filtering-Based Recommendation System  

2. Content-Based Recommendation System  

3. Traditional Artificial Neural Network (ANN)  

4. Random Forest Recommendation Model  

All experiments were carried out with the GPU-accelerated Python-based deep learning frameworks for training 

models. Grid search methods were used to perform hyperparameter optimization. 

K-fold cross-validation was used during the training and evaluation of the model to increase the robustness and 

decrease overfitting. The experiments were repeated several times, and the average performance values are 

reported. 

The proposed model's effectiveness was evaluated from the accuracy of recommendations, engagement of 

learners, adaptability of the proposed model, and the improvement of education outcomes. The comparative 

analysis reveals the ability of the Hybrid Siamese Neural Network framework to develop smart and adaptive 

personalized learning sequences in a STEM learning sphere. 

4. Results 

The proposed Hybrid Siamese Neural Network (HSNN) framework has been experimented with to test its 

effectiveness in creating personalized learning pathways in STEM education environments. Multiple educational-

effectiveness, recommendation-system, and machine-learning metrics were used to analyze the performance of 

the proposed model. Comparative analysis with the traditional personalized learning methods, such as 

Collaborative Filtering (CF), Content-Based Recommendation Systems (CBR), Traditional Artificial Neural 

Networks (ANN), and the Random Forest (RF) based recommendation model, was also carried out. The 

evaluation of the proposed HSNN framework has been conducted in the experimental group, and it proves the 

superiority of the proposed framework in the learner similarity analysis, the precision of the recommendations, 

the improvement of engagement, and the optimization of adaptive learning. 

Experimental Setup, Dataset, and Parameter Initialization 

To evaluate the proposed Hybrid Siamese Neural Network (HSNN) framework, the experimental study was 

performed using the deep learning environments based on Python. Neural network modeling was implemented 

using TensorFlow and Keras libraries, and preprocessing, evaluation metrics, and comparative machine learning 

models were used in this process. The experiments were run on a workstation with an Intel Core i7 processor, 

NVIDIA GPU acceleration, and 16 GB RAM for effective deep learning training and inference. 

Data used for analysis in this study include those derived from STEM learning platforms that can be accessed on 

the web and data generated from simulated adaptive learning platforms. The dataset contained information 

about the demographics of the learners, Quiz scores, Assignment performance, engagement information, 

interaction history, learning history, and completion information. There were approximately 12,000 data samples 

concerning learner interactions involving learning modules relating to Mathematics, Engineering, Computer 

Science, and Science subjects. This dataset was split into training, validation, and testing subsets with a ratio of 

70:15:15. 
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The Xavier initialization technique is used to set the model parameters for the HSNN model to ensure a more 

stable convergence of the model during training. The model was trained with the Adam optimizer, a learning rate 

of 0.001, and a batch size of 32. The embedding dimension was 128, and dropout regularization (dropout = 0.3) 

was used to prevent overfitting. Contrastive loss was used for similarity learning during the model training, which 

was done for 100 epochs. 

Evaluation Metrics 

To compare the prediction accuracy, the quality of recommendations, and model effectiveness in the generation 

of personalized learning paths, several classification-based performance metrics were used to test the proposed 

Hybrid Siamese Neural Network (HSNN) framework. 

Accuracy: The accuracy is the overall correctness of the model in predicting whether the instances are correctly 

classified or not, as shown in the following equation (7). 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
      (7) 

Where, 

• 𝑇𝑃= True Positives  

• 𝑇𝑁= True Negatives  

• 𝐹𝑃= False Positives  

• 𝐹𝑁= False Negatives  

Precision: Correctly predicted positive cases out of all the cases predicted positive are shown with equation 8. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
       (8) 

A higher precision will mean fewer false positive recommendations. 

Recall: Equation 9 quantifies how well the model learns all the positive examples. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
         (9) 

Recall scores are higher when the learning recommendations are detected better. 

F1-Score: A balanced measure of model performance is represented by Equation 10, which is the harmonic mean 

of precision and recall. 

𝐹1-𝑆𝑐𝑜𝑟𝑒 =
2×𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
        (10) 

The higher the F1 score, the better the overall classification is. 

4.1 Analysis of Performance Metrics for Personalized Learning Pathways 

The proposed HSNN framework achieved high performance for all measures because it was capable of capturing 

highly sophisticated learning relationships and educational context dependencies. Thanks to the proposed 

Siamese similarity learning approach, learners having similar patterns of behavior were successfully recognized 

by the system. Moreover, the attention-based fusion layer helped better highlight the importance of context-

aware features. As a consequence, the learning recommendation provided by the system became highly accurate 

and efficient. 

HSNN was evaluated by means of standard metrics, including accuracy, precision, recall, F1 score, and AUC. 

Additionally, recommendation-related measures, such as MRR and NDCG, were also used. Besides these 

measures, the effectiveness of education provided by HSNN was assessed based on the progress made by users 

in terms of their engagement level and knowledge acquisition. 

The HSNN approach yielded an accuracy of 94.2%, which is much higher than the baselines. The precision and 

recall scores of 93.6% and 92.8%, respectively, suggest that the method can efficiently select the right learning 

paths without making any mistakes. An F1-score of 93.2% represents a fair classification accuracy, and the higher 

AUC score implies a strong discrimination ability of the model. Moreover, ranking-based metrics like MRR and 

NDCG have been greatly improved, proving that the approach can rank the most suitable learning objects for 

learners. 
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Moreover, the adaptive recommendation system played an important role in education achievements. The results 

revealed improved learner engagement, high course completion, and fewer dropouts. Students who made use of 

the HSNN recommendation system displayed higher levels of conceptual understanding and were regularly 

engaged with STEM modules. 

4.2 Comparison with Traditional Methods of Personalized Learning 

The proposed HSNN model was compared with the traditional personalized learning methods to determine their 

comparative effectiveness. Collaborative and content-based recommendation systems, for example, mostly 

depend on explicit feedback from learners and predetermined educational guidelines. Such models tend to be 

ineffective when dealing with sparsity in the education domain and dynamic behavior by learners. Machine 

learning models of lower depth fail to detect nonlinear dependencies and contextual interaction in learning 

activities. 

The results of this comparison showed the superior performance of the proposed HSNN framework using various 

criteria, which can be observed from Table 1. The architecture of Siamese neural networks facilitated effective 

learner similarity modeling, while attention mechanisms helped enhance the importance of features and 

contextual adaptability. 

Table 1: Comparative Performance Analysis of Personalized Learning Models 

Model Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

AUC 

(%) 

Engagement 

Improvement (%) 

Collaborative Filtering 82.4 80.6 79.8 80.2 81.7 9 

Content-Based 

Recommendation 

84.1 82.7 81.5 82.1 83.6 11 

Random Forest Model 86.8 85.4 84.2 84.8 86.1 14 

Traditional ANN 88.5 87.9 86.4 87.1 88.2 16 

Proposed HSNN 

Framework 

94.2 93.6 92.8 93.2 94.7 18 

 

 
Figure 2: Comparison of Performance Metrics Across Recommendation Models 

Figure 2 shows a comparison of the performance of various recommendation methods using different 

performance measures such as Accuracy, Precision, Recall, F1-Score, and AUC. It is clear from the performance 

figures that the proposed HSNN model outperforms Collaborative Filtering, Content-Based Recommendation, 

Random Forest Model, and Traditional ANN. It is evident that the proposed system shows excellent accuracy and 

balance in prediction performance. 
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From the comparison of results, it is evident that the HSNN structure gives the best results when put against the 

criteria for evaluation. The algorithm had about 12% more recommendation accuracy than collaborative filtering 

algorithms, while the engagement improvements were better than those provided by conventional machine 

learning algorithms. This could be due to the incorporation of both similarity learning and attention-based 

context learning. 

4.3 Insights into the Effectiveness of the Hybrid Siamese Neural Network 

Experimental results have shed light on some of the valuable implications that the designed HSNN model can be 

considered effective in STEM education environments. Firstly, the Siamese neural network managed to learn 

meaningful representations of learners that were able to detect underlying similarities within the education 

domain for individual students. The similarity learning was instrumental in designing highly customized and 

adaptive learning pathways based on the competency and developmental trends of learners. 

Secondly, the attention-based feature fusion module proved to be quite effective in contextual analysis through 

the identification of crucial educational features such as perseverance, consistency, and competence. 

Lastly, the proposed framework exhibited high scalability and resilience in processing multidimensional 

educational data. It successfully handled behavioral interaction logs, testing histories, and learner progression 

without considerable degradation in performance. It is clear that the HSNN framework can be used in large online 

learning environments, intelligent tutoring systems, and adaptive STEM learning settings. 

To conclude, the presented results reveal that the proposed Hybrid Siamese Neural Network framework is 

effective for building personalized learning pathways. The implementation of deep similarity learning and 

attention mechanisms, as well as analysis of educational data, will enhance adaptive learning performance and 

improve learner outcomes in STEM education. 

5. Discussion 

The research findings reveal the promising potential of the hybrid model for enhancing personalized learning 

experiences for students in STEM education settings. As seen from the experimentation results, the incorporation 

of Siamese similarity learning and feature fusion with an attention mechanism facilitates more accurate learner 

profiling and recommendation generation than in traditional approaches. The capability of identifying similar 

academic behavior, conceptual understanding, and engagement patterns in the learners helps in providing 

individualized instructions for increasing the effectiveness of learners' education. This is especially important for 

STEM education, where students differ in their ability to understand and solve complex problems. 

Furthermore, the study demonstrates how the concept of AI-powered personalized learning has other 

implications in the field of education. The suggested model may help teachers identify students at risk, assess 

learning progress, and select appropriate learning materials depending on their needs. Intelligent adaptive 

solutions are important for creating competent learning ecosystems amid the increasing necessity for scalable 

digital platforms. Additionally, the introduction of the attention mechanism helps improve contextual 

understanding and make more accurate recommendations. 

Notwithstanding these positive outcomes, some drawbacks are associated with this investigation. First, the 

experimental dataset employed in the study was mainly comprised of the data collected in online STEM 

educational settings and might thus not be representative of various educational contexts. Moreover, the 

application of HSNN and other deep learning models might consume considerable computational power and 

training time that could pose certain constraints for less-resourced institutions. Lastly, interpretability poses a 

problem since educators need more insight into the recommendation decisions generated by neural networks. 

Further studies can concentrate on incorporating explainable artificial intelligence models, reinforcement 

learning models, and multimodal analysis models to enhance adaptive recommendation effectiveness. This 

proposed model can be utilized in several domains and applications such as intelligent tutoring systems, learning 

management systems, MOOCs, virtual laboratories, and institutional educational portals. Overall, the HSNN 

approach is expected to provide significant support in developing adaptive intelligent STEM educational systems. 
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6. Conclusion 

The current research introduces a novel approach called Hybrid Siamese Neural Network (HSNN), which can be 

used for designing personalized learning paths in STEM education settings. The main idea behind this framework 

is the combination of Siamese neural networks, attention mechanisms, and educational data mining techniques 

to develop personalized recommendations based on the unique features of learners. In general, this paper 

focuses on the problem of overcoming the drawbacks of existing personalized learning systems and achieving 

higher levels of accuracy and effectiveness in providing recommendations. Statistical analysis validated the 

efficiency of the proposed approach in terms of various performance indicators. The HSNN algorithm yielded 

94.2% accuracy, 93.6% precision, 92.8% recall, and 93.2% F1-measure, surpassing other techniques such as 

collaborative filtering, content-based recommender systems, Random Forest classifiers, and conventional 

artificial neural networks. Furthermore, the model demonstrated an AUC value of 94.7%, suggesting high 

discrimination power and good recommendation performance. The experimental findings also showed that 

there was an 18% rise in learner engagement, a 20% improvement in course completion, and a 15% decrease in 

drop-out likelihood relative to traditional adaptive learning algorithms. These results show that the proposed 

framework is capable of producing highly effective personalized learning paths for STEM students. Moreover, the 

results prove that the use of deep similarity learning along with context-based attentional feature extraction is 

highly effective when it comes to modeling behavior patterns, educational progressions, and interactions of 

learners. The model was able to detect learners with similar behavioral and performance patterns and offered 

adaptive learning recommendations that corresponded to their competencies and educational needs. Thus, the 

proposed HSNN model will contribute to the evolution of intelligent educational systems and help to enhance the 

adoption of artificial intelligence-based adaptive learning systems within contemporary STEM education. 

However, further research can be focused on increasing the interpretability of the model, developing multimodal 

educational analytics, and implementing reinforcement learning to improve the personalization process. Further 

studies using large-scale educational data may also help to verify the effectiveness of the proposed framework. 
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