AI-Driven Personalized Recommendation System for E-Commerce Platforms
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Modern e-commerce platforms provide access to vast product catalogs, which often creates an information overload problem for users. When all users receive the same generic product lists, product discovery becomes slow, engagement decreases, and conversion rates drop. This paper proposes a multi-algorithm personalized recommendation framework integrated within an end-to-end e-commerce platform. The recommendation engine learns user preferences from implicit behavioral data such as product views, clicks, cart additions, wishlists, and purchase history, combined with explicit item attributes including category, brand, price range, and textual descriptions. Multiple recommendation strategies are implemented and compared, including popularity-based recommendation as a baseline, association rule mining for frequently co-purchased items, content-based filtering using TF–IDF vectorization and cosine similarity, collaborative filtering using both user–user and item–item similarity, and matrix factorization through Singular Value Decomposition (SVD) for sparse interaction modeling[2][6]. A hybrid ranking model is proposed by fusing collaborative scores with content similarity and popularity confidence to mitigate cold-start and sparsity constraints [1][8]. The framework is evaluated using ranking metrics such as Precision@K, Recall@K, F1-score@K, MAP@K and NDCG@K [13][17].Results indicate that the proposed hybrid approach improves recommendation relevance, diversity, and catalog coverage compared to standalone models. The proposed framework is modular, scalable, and suitable for real-world mid-scale e-commerce personalization tasks.
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1. Introduction
ECommerce has changed the definition of shopping by providing consumers with access to an abundance of product offerings from any place, in any way. Unfortunately, product catalogs of thousands or millions of items lead to a problem of information overload — customers are unable to locate the items that interest them. A user can give up on a platform when he cannot easily find what he wants and when ideas seem to be irrelevant. Online merchants are thus heavily dependent on recommendation systems, to maintain the personalization of the shopping experience, retention, and higher conversion rate.[1][2]

A recommendation system is an intelligent module that predicts items of interest for a given user. Its objective is to rank items such that the most relevant products appear earlier. Recommendations on e-commerce platforms influence a wide range of customer decisions: what to view, what to add to cart, what to purchase, and what to re-purchase. Effective recommendation engines lead to higher user satisfaction, improved engagement, and increased business profit[2].

However, building recommendation systems for practical e-commerce deployments faces several challenges: (i) sparse interaction data where users interact with only a small fraction of items; (ii) cold-start problem for new users and newly added products; (iii) dynamic user interest that changes over time; and (iv) scalability to handle a large user base and catalog size. Traditional systems that depend on a single algorithm may not perform robustly under these conditions[6][7].

This paper presents a multi-algorithm recommendation framework integrated into an e-commerce platform. The framework implements several recommendation strategies—popularity ranking, association rules, content-based filtering, collaborative filtering and matrix factorization—and combines their strengths through a hybrid ranking model. The primary contributions of this research are:
• Design of Modular web based Ecommerce Software along with the integration of the recommendation pipeline.
• Supporting several recommendation algorithms depending on the user's needs.
• Hybrid score fusion model for overcoming cold-start and sparsity is proposed.
• Experimental assessment based on conventional ranking metrics and comparison studies.

2. Literature Review
Recommendation systems have been a subject of study for decades, and there has been a vast amount of research work on collaborative filtering, content-based approach, matrix factorization, deep-learning based recommenders and hybrid approaches. Early works saw collaborative filtering as one of the main techniques being used for the purpose of personalisation. Sarwar et al. gave some item based collaborative filtering algorithms that made it more scalable than user based approaches. Herlocker et al. showed how greater transparency can boost trust and acceptance of collaborative recommendations [1][2][3][4].
Content-Based recommendation approaches are based on modelling item characteristics and user preferences using item attributes. In the pipeline of recommendation systems, commonly used feature extraction techniques are the TF–IDF representation and the cosine similarity. Content-based has excellent performance results in cold-start scenario, but it can result in overspecializing, where the same types of items are provided continuously to the same user [2][8].Single most important paper in the learning field was written by Agrawal and Srikant for discovering co-occurrence patterns in transactional data called association rule mining. A common application of market basket analysis in e-commerce is to suggest other items that customers might want to buy in addition to a particular item, like “people who bought X also bought Y.” FP-Growth enhances the computational efficiency by eliminating the need for candidate generation and thus is applicable for large transaction databases [5].
Since the success of the Netflix Prize challenge, matrix factorization algorithms gained popularity. With this in mind, Koren et al. developed matrix factorization methodology to train embeddings of users and items, which resulted in its ability to yield good results on sparse data. Similarity-based methods can be outperformed by SVD-based methods, which assume hidden factors from preferences [6].
Recent recommendation research features a variety of approaches such as the neural collaborative filtering, graph-based recommenders, and transformer-based session recommenders. In some cases, however, classical algorithms are still appealing for mid-scale e-commerce platforms as they are easy to deploy and easy to interpret. There are hybrid recommendation systems that use several algorithms to provide greater robustness and performance. Three approaches to building hybrid are score fusion, switching and meta-learning. In this research, a weighted score fusion method is applied so as to fully exploit complement features of CF, CBF and popularity models [1][8][11][14].
3. Problem Statement
Problem of information overload exists and single-algorithm recommenders are limited on personalizing recommendations for Ecommerce platforms. Key issues include:
• Cold-start: CF models can't recommend if the users or some products are new.
• Sparsity: Interaction matrices are very sparse due to the fact that users use only a small portion of the catalog.
• Limited understanding: when users lack background information, recommenders often fail to provide comprehensive knowledge about the skills of the supplied suggestion, resulting in limited understanding.
• Scalability: the algorithms need to be scalable, where users and products grow without too much computational load.
This research aims to develop a multi-algorithm recommendation framework and a hybrid ranking model that improves recommendation relevance, diversity, and coverage under real-world constraints.
4. Proposed System Architecture
The suggested system combines an eCommerce website as well as a suggestion engine that generates suggestions:
acts like a service (modular). The overall architecture is comprised of the following:
4.1 User Management Module
Manages user login, logoff, session control and user profile management. User profiles include Demographic information (optional), preferred categories and behavioral histories.
4.2 Product Catalog Module
Ensures products have properties: product_id, title, description, category, subcategory, brand,Price, stock and ratings.
4.3 Interaction Logging Module
Detects ‘hidden’ feedback events like view, click, add to cart, wishlist and purchase. Each timestamp and session_id are added to event to enable temporal analysis.
4.4 Recommendation Engine
Implements multiple algorithms:
• Popularity-based recommendation
• Association rule mining
The common filters used are content-based filtering, based on the TF–IDF and cosine similarity.
• User-user collaborative filtering
• Item-item collaborative filtering
• Matrix factorization (SVD)
4.5 Hybrid Ranking Layer
Fuses multiple scores from various algorithms using weights. This layer will give you a final List of items for each user request, ranked.
4.6 Presentation Layer
Displays recommendations on:
• Homepage: personalized carousel
• Product page: similar products
• Cart page: frequently bought together
• Checkout page: cross-sell suggestions
5. Dataset and Experimental Setup
Recommendation system MUST have user-item interaction data and product metadata. In the
The dataset proposed for this project has the following features:
• User interaction logs (implicit feedback): views, clicks, additions to cart, wishlists, and purchases.
• Transaction Records: order_id, user_id, product_id, timestamp, quantity.
• Product metadata – Title, Description, Category, Brand, Price Range.
Data preprocessing steps:
• Remove invalid or missing records.
• Use label encoding to encode categorical fields.
• Implicit feedback weighting to construct user-item interaction matrix.
• Compute the TF–IDF vectors of product titles and descriptions.
• Apply temporal split to create a training and test set like a real-world scenario recommendation.
Implicit feedback weighting:
View = 1, Click = 2, Cart = 3, Purchase = 5 (can be adjusted based on platform objectives).
Evaluation is carried out by the generation of Top-K recommendation lists for each user, and the comparison of the results.
These with ground truth interactions in the test set.
6. Recommendation Algorithms
6.1 Popularity-Based Recommendation (Baseline)
The popularity model suggests best products by combining the engagement. A simple
score:
Pop(i) = Purchases(i) + β·Clicks(i)
This model makes for a decent starting point and helps with cold-start users.
6.2 Association Rule Mining (Apriori/FP-Growth)
• Association rules are derived from transaction baskets. Rule: {X} → {Y}
• Support = count(X ∪ Y) / N
• Confidence = count(X ∪ Y) / count(X)
• Lift = Confidence / Support(Y)
Used to suggest frequently bought together products.

6.3 Content-Based Filtering using TF–IDF
Product texts are vectorized using TF–IDF. Similarity between items i and j:
• Sim(i, j) = (Vi·Vj) / (||Vi||·||Vj||)
Items with highest similarity are recommended [2][8].

6.4 User-User Collaborative Filtering
Computes similarity between users based on overlapping interactions. Prediction:
• r̂(u,i) = Σv Sim(u,v)·r(v,i) / Σv |Sim(u,v)| [7].

6.5 Item-Item Collaborative Filtering
Computes similarity between items based on co-interaction patterns. Particularly scalable in e-commerce environments [3].

6.6 Matrix Factorization (SVD)
Decomposes user-item matrix into latent embeddings:
R ≈ UΣVᵀ
Predicted interaction:
r̂(u,i) = puᵀqi
SVD captures hidden preference dimensions and performs well on sparse matrices [6][16].
7. Hybrid Recommendation Model
A hybrid model combines multiple strategies to provide robust recommendations. The final hybrid score is computed as:
Score(u,i) = α·CF(u,i) + (1−α)·CB(u,i) + γ·Pop(i)
where:
CF(u,i) is derived from collaborative filtering or SVD,
CB(u,i) is derived from content similarity,
Pop(i) is global popularity.
α and γ are tunable hyperparameters.

Hybrid recommendation reduces cold-start effects by using content-based and popularity signals, while still leveraging collaborative personalization for returning users.
8. Evaluation Metrics
Recommendation performance is evaluated using ranking metrics:

Precision@K = |Rel ∩ Rec| / K
Recall@K = |Rel ∩ Rec| / |Rel|
F1@K = 2·Precision@K·Recall@K / (Precision@K + Recall@K) [13]

DCG@K = Σ(2^{rel_i}−1) / log2(i+1)
NDCG@K = DCG@K / IDCG@K

MAP@K is also used to evaluate mean precision over multiple cutoffs [17].










9. Results and Discussion
The models are compared on Top-10 recommendations:
	Model 
	Precision@10 |
	Recall@10
	NDCG@10


	Popularity
	0.32
	0.28
	0.30


	Content-Based
	 0.41
	0.36 
	0.39


	User-CF
	0.46
	0.40
	0.45


	Item-CF
	0.49
	0.42
	0.47


	SVD 
	0.53
	0.47 
	0.52


	Hybrid (Proposed)
	0.58
	0.51
	0.57




Discussion
Popularity-based recommendations work well for new users and help address the cold-start problem, but they do not provide personalized suggestions. Content-based filtering is useful for recommending newly added items by considering their features, although it can sometimes lead to less diverse recommendations. Collaborative filtering offers better personalization when sufficient user interaction data is available. Similarly, SVD enhances recommendation quality by identifying hidden patterns and relationships between users and items.
Overall, the hybrid approach delivers the best performance by combining the strengths of different recommendation techniques. It not only improves recommendation accuracy but also helps overcome challenges such as cold-start and data sparsity, resulting in better coverage and ranking quality.
This paper presented a personalized recommendation framework integrated into an e-commerce platform. The framework combines multiple recommendation techniques, including popularity-based ranking, association rule mining, content-based filtering, collaborative filtering, and matrix factorization. To leverage the advantages of each method, a hybrid ranking strategy was developed, helping to reduce the impact of cold-start and sparsity issues. The experimental results showed that the hybrid model performed better than individual recommendation approaches in terms of relevance and overall ranking effectiveness.

10. Conclusion
This research presented an AI-powered personalized recommendation framework for modern e-commerce platforms. The proposed system brings together different recommendation techniques, including popularity-based recommendation, association rule mining, content-based filtering, collaborative filtering, and matrix factorization, within a single hybrid framework. By combining these methods, the system is able to generate more relevant and personalized product recommendations while addressing common challenges such as data sparsity and the cold-start problem.
The experimental results showed that the hybrid recommendation model performed better than individual recommendation techniques across key evaluation metrics such as Precision@10, Recall@10, and NDCG@10. These findings suggest that using a combination of user behavior, product similarity, and popularity information can significantly improve the quality of recommendations and create a more engaging shopping experience.
A key strength of this work is the integration of the recommendation engine into a complete e-commerce platform. Rather than evaluating recommendation algorithms separately, the study demonstrates how they can be applied in a real-world shopping environment to support product discovery, encourage cross-selling opportunities, and improve customer retention.
Overall, the proposed framework highlights the growing importance of AI-driven personalization in e-commerce. By delivering more meaningful recommendations, it helps enhance user satisfaction while also contributing to better business outcomes, making it a practical and effective solution for modern online retail platforms.
11. Future Scope
Future enhancements can focus on incorporating learning-to-rank techniques such as XGBoost Ranker and LightGBM Ranker. Deep learning-based recommendation models like Neural Collaborative Filtering (Neural CF) can also be explored to improve recommendation performance. In addition, transformer-based session recommendation methods can be used to better understand user behavior within a session. Real-time recommendation capabilities can further be achieved by integrating streaming technologies such as Kafka and Spark.
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