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Introduction

Digital platforms like ecommerce sites and online streaming services also have risen considerably compared to several years ago, as have
the amount and lengths of content and products. That makes accessing items of relevance to the user a challenge. One important solution to
this has been the use of recommendation systems, which not only provide the users with customized recommendations as per their user
preferences, but the service also takes into account the characteristics of the product. Examples of companies that are capitalizing on these
systems are Netflix, Amazon, or Spotify, and using them to help improve the customer experience, engagement, and business results.

The commonly used methods of recommendation include collaborative filtering, content based filtering. The collaborative filtering method
takes the assumption that users with similar profiles tend to like similar items hence use this method to predict which items a user may like
if he has liked similar items before. Content-based filtering relies on the assumption that people who like similar contents will probably like
similar contents again; based on user preferences, it tries to suggest other items to the user that have similar properties with the liked items.
While successful in many cases these practices have shortcomings such as lack of data, data entry problems with new data and users, and
when applying to large data sets.

Hybrid of recommendation systems is one way to address these challenges. In this paper, a new hybrid system is introduced, which is based
on an artificial intelligence approach. It integrates collaborative filtering, content based filtering and machine learning to improve the
accuracy of the predictions and efficiency of the system. Other methods used within the system are matrix factorization approaches like
Singular Value Decomposition (SVD) that improves the performance of the system and enables it to cope with vast amounts of data
efficiently.

In this research, we focus on generating and testing an accurate and personalized recommender system and face real-world scenarios. The
system is tested using the metrics for RQE: RMSE, Precision and Recall. The outcomes show that the proposed hybrid solution outperforms
the classical solutions, and thus can be adapted to be used in modern platforms that rely on recommendations.

Methodology

The proposed system has hybrid recommendation system developed by collaborative filtering, content-based filtering and machine learning
techniques, can extend for large number of users for scalability. The overall process is comprised of various phases: Data collection, Data
preprocessing, Feature extraction, Model building, Model evaluation.

1. Dataset and Data Collection: The recommended system will use a set of data like the MovieLens dataset which is widely utilized by
research in order to evaluate recommendation algorithms. The dataset could contain information of users interact with items such as rating,
preferences, viewing the history etc. One record is one user's interaction with one item and can be used to build a customized model for
each user to serve as a recommendation model for the individual user. The range of data set and this variation enables to model e-commerce
and streaming applications in the real world. Data collection is an important aspect to decide the success of the recommendation system. It
also contains both explicit (ratings) and implicit (courses viewed, courses watched) feedback that is crucial for understanding user behavior.
This well-structured data allows the system to detect patterns and relationships among users and items, leading to more accurate and
personalized recommendations.

2. Data Preprocessing: - Data Preprocessing is an important part of the process which ensures a good quality data set to be used by machine
learning techniques. This includes managing data that is missing, removing any records that are duplicated and fixing any inconsistencies
in data entries. Moreover, data values of a rating are normalized for consistence of the data set. These measures can be useful to improve
the performance and prediction accuracy of the recommendation system. More than that, categorical data such as item category or genres
are also converted to numeric values by employing these encoding methods. This is a compulsory change because the information that's
necessary to machine learning algorithms must be in a numerical format. These processed data can then be displayed in a format of a user
X item matrix, with the outcome models based on this matrix.

3. Feature Extraction: - Feature extraction to extract meaningful information from both users and items. For the users, features such as past
interactions, user preferences, patterns of behavior are analyzed. Descriptive information and attributes such as category, genre are
considered for items. These features help to better understand the user—item relationship. The system can extract relevant user features and
item features to assess similarity between users and items, which is an essential component in the recommendations system. In this step we
help the model to correctly predict and enable us to customize the model by uncovering patterns in the data that are not obvious.

4. Hybrid Recommendation Mode: - The basic idea of the proposed system is to design a hybrid recommendation model which integrates
collaborative filtering and content-based filtering approach. Collaborative filtering relies on the way the user behaves on the basis of the
users he or she interacts with, whereas content-based filtering is based on the similarity of the items. Both methods together address the
disadvantages of single methods (data sparsity, cold start and so on). The hybrid approach utilises both techniques to determine a
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recommendation score based on the combined weighted values from both techniques. This will allow the system to learn what the user does
and what properties he or she has on the items, and make more accurate and reliable suggestions. flexible model, it can be applied in large
scale application.

Rwi)=a -CFu,i)+ (1 —a) -CB,i)
where:
e R(u,i)is the predicted rating
e  (F(u,i)is the collaborative filtering score
e (CB(u,i)is the content-based score
e qis the weighting parameter

This method enhances the accuracy by combining user behavior with the item properties.

5. Matrix Factorization (SVD):- To improve the performance of the recommendation system, Singular Value Decomposition (SVD) is
used as an optimization technique. SVD divides the matrix into smaller matrixes representing latent features, allowing the user-item
interaction matrix to be divided into smaller matrixes. The latent factors are not observed but can be the relationship between items and
users.

Using SVD, the dimensionality of the data set can be reduced which in turn will make computation more efficient and scaleable. Moreover,
italso tackles the issue of data sparseness by filling-in the missing values in the user-item matrix. This results in better quality and correctness
of recommendations.

6. Model Evaluation: - Common evaluation metrics are used to evaluate the ability of proposed recommendation system such as, Root
Mean Square Error (RMSE), Mean Absolute Error (MAE), precision and recall. The rating prediction accuracy is listed using RMSE and
MAE, and the items being recommended are seen as being relevant using precision and recall. These measures allow for a comprehensive
understanding of the system's effectiveness. The result analysis is done on the proposed hybrid model which is better than the conventional
models. This confirms the effectiveness and stability of the system in applications.

7. System Workflow

The complete workflow of the system is as follows:
1. Input dataset

Data preprocessing

Feature extraction

Hybrid model implementation

SVD optimization

Recommendation generation

7. Performance evaluation

SANRANE I

Architecture System

The recommended system is expected to be scalable and modular, serving to deal with enormous quantities of consumer and merchandise
data. At the outset, the system has a data input layer that collects data from the user in terms of ratings, clicks, and metadata related to the
items. This data is then fed to the pre-processing layer where it is cleaned, normalized and converted to a structured format. The feature
extraction phase process extracts patterns which are significant with respect to user behavior and item attributes. The core of the system is
the hybrid recommendation system that incorporates the collaborative filtering and content-based filtering techniques to make accurate
predictions. To enhance the performance and overcome the sparsity problem, optimization technique Singular Value Decomposition (SVD)
is used. Lastly, the output layer generates customized recommendations as top-N items, ensuring scalability and flexibility to address today's
e-commerce and streaming requirements.
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Fig. 1. Architecture Overview

1. Data Input Layer: - The data input layer is concerned with acquiring raw data from different sources such as user information and
information related to items. These data also consist of implicit (e.g., ratings) and explicit (e.g., the times that certain items were viewed)
feedback, which can give the system an idea of user preferences and behavior. This layer will provide the ability to store the collected data
in a structured format for subsequent processing. Input data is very important for the accuracy and effectiveness of the recommendations
and hence there is a need to build an efficient recommendation system on a well-designed data input layer.

2. Data Preprocessing Layer: - This layer captures relevant feature information from Users' attributes, Item attributes. Users are studied
dealing with features such as past interactions, preferences, and behavioural patterns. The attributes of items are referred to by item
characteristics: category, genre and textual descriptions. Such features can be extracted to have a better similarity calculation between users
and items in the system. This step will allow them to identify associations that are not obvious, and hence to make a more accurate
recommendation. The key of feature extraction to render the system more effective in recommendations.Importance of feature extraction in
making personalized recommendations.

3. Feature Extraction Layer: - This layer captures relevant feature information from Users' attributes, Item attributes. Users are studied
dealing with features such as past interactions, preferences, and behavioural patterns. The attributes of items are referred to by item
characteristics: category, genre and textual descriptions. Such features can be extracted to have a better similarity calculation between users
and items in the system. This step will allow them to identify associations that are not obvious, and hence to make a more accurate
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recommendation. The key of feature extraction to render the system more effective in recommendations.Importance of feature extraction in
making personalized recommendations.

4. Recommendation Engine (Core Layer):- This layer is the heart and soul of the system that's responsible for personalising
recommendations. It is divided into two main modules: Collaborative filtering (CF), Content-based filtering (CB). The underlying principle
of collaborative filtering is that it aims to compare two users' ratings, and find items that match their interests; the underlying principle of
content-based filtering is that it tries to understand what content is used, and recommend items that are relevant to it. Everyone wants to
accomplish the objective of the limitation of the individual methods, so there's a hybrid method used which combines the 2 methods. The
hybrid model fuses the user behaviours as well as the characteristics of items to augment the accuracy and robustness. This integration will
help to solve some issues such as cold-start and low data density.

5. Optimization Layer (SVD):- Singular Value Decomposition (SVD) based optimization layer to solve the performance and scalability
issues of the recommendation system. The idea of this technique is to factor the user-item interaction matrix into a lower dimensional latent
factors encoding underlying relationships between users and items. By reducing the dimensionality of the data, SVD can help to make
computations more efficient and store less data. It is also advantageous for predictive tasks of missing data, which is one of the issue for
data sparsity. Therefore, the system becomes more accurate and can be more effectively used to deal with larger datasets.

6. Recommendation Output Layer:- The output layer of the recommendation layer is used for outputting the results to the users. The system
relies on the processed information and model predictions to produce a list of personalized product feeding back, typically in the form of a
‘top-N' list of products. This suggestion is displayed on the User Interface, in real time, providing a seamless User Experience. The output
layer plays a crucial role in enhancing the user's satisfaction through delivering personalized recommendations matched to the user's needs
and preferences, and provided in a timely and targeted manner.

7. System Workflow Summary:- All of the architectural components are combined to form an overall system workflow. It starts by
collection, then pre-processing and feature extraction. The processed data is then passed to the hybrid recommendation algorithm, which
predicts and optimizes it with regards to SVD. The ultimate step is to suggest personalised ideas according to the user's preferences. This
will ensure that the system can be processed efficiently, can be scaled easily as necessary, and can adapt to the real-time environment,
making it suitable for modern digital platforms such as eCommerce systems and streaming services.

Results

The performance of the proposed scalable hybrid recommendation system was evaluated by conducting experiments on the datasets. The
data for the system were scaled to the same size as MovieLens and included such as ratings and preferences by the user-item interaction.
Evaluation will be done according to accuracy, efficiency, and recommendation quality of the system and common evaluation measures
will include Root Mean Square Error (RMSE), Mean Absolute Error (MAE), precision and recall.

Performance Evaluation: - Experimental results show the proposed hybrid model has higher prediction accuracy than the conventional
recommendation methods. The Root Mean Square Error (RMSE) value achieved is about 1.41 with the Mean Absolute Error (MAE) value
being about 1.16, which shows that the obtained rating is closely matched with the actual user rating.

In addition to accuracy classification-based evaluation was applied on the precision and recall. It has a precision of approximately 0.73 and
a recall of approximately 0.76, meaning that the recommended items provide a relevant and complete reference of the documents. The
results indicate that hybrid approach is appropriate for balancing over recommender quality and accuracy.

Confusion Matrix Analysis: - This helps to understand the performance aspect of the classification system by comparing the predicted results
with real results. It displays the counts of the true positives, true negatives, false positives and false negatives produced by the model.

The results indicate that system can correctly identify a number of relevant products (true positive) and have a relatively low rate of false
positive (incorrect recommendations). This illustrates the model's ability to correctly categorize the user preferences and provide useful
recommendations.

Precision—Recall Analysis: - The precision — recall analysis is used for assessing the trade-off between precision and recall. The higher the
values, the less irrelevant recommendations and the more relevant items that will be recommended. The curve indicates a balanced
performance, having a good precision and high recall. This is critical in practical scenarios where content is important for user satisfaction
with respect to its relevance and coverage.

Model Improvement Using SVD: - To further improve the performance of the system Singular Value Decomposition (SVD) was used. The
results show that the accuracy of the prediction is significantly better than the accuracy of the baseline model of the type of collaborative
filtering. The success of the matrix factorization approach in uncovering the underlying relationships between users and items is
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demonstrated by both decrease in the RMSE from approximately 1.41 (baseline) to approximately 0.95 (SVD-based model) and the
discovery of new relationships. This enhancement has raised the significance of optimization for scalable recommendations.

Overall Discussion: - From the experimental results, it is evident that the proposed hybrid recommendation system is more correct, scalable
and more effective in respect of quality of recommendations as compared to the traditional recommendation systems. Other challenges such
as data sparsity and cold start are addressed successfully in the system with the help of the use of collaborative and content-based filtering
along with the optimisation of SVD. Additionally, the architecture being scalable, it would work for larger volumes of data, making it
suitable for actual-world use cases such as online commerce or streaming services. Results are in line with the success of the planned
approach and its potential to improve the user experience in modern digital services.

Conclusion
This paper introduced a scalable Hybrid recommendation system based on Al system for e-commerce and streaming models.

proposed and evaluated. The system also employs collaborative filtering techniques and content based techniques for providing personalized
recommendations while also employing matrix factorization techniques such as Singular Value Decomposition (SVD) for enhancing the
scalability and the accuracy of making recommendations. The architecture seeks to support efficient processing of large datasets and offer
real-time recommendations, which is probably appropriate for modern digital applications.

The experimental results show that the proposed hybrid model is able to outperform the traditional recommendation models with respect to
accuracy, precision and recall. The optimization techniques result in a decrease in the RMSE found after applying the SVD operator, and
the good results obtained when applying the optimization techniques are indicative of the effectiveness of this decrements. Moreover, the
system can be extended to address some of the challenges that are prevalent in a recommendation system, like cold start problem and data
sparseness.

In general, the proposed method is a powerful and efficient solution to personalized recommendation systems. The application of deep
learning, which includes neural collaborative filtering, and the real time recommendation pipelines, built by big data technologies, are arcas
for future work. This enhancement can enhance the adaptability and performance of the system in the dynamic environment further.
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