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  Recommender systems are a fundamental element of modern digital ecosystems, 
connecting users with relevant products, services, or content. This study provides a 
comprehensive review examining the combination of machine learning and artificial 
intelligence in the design of hybrid recommender systems. Three main approaches user-
based collaborative filtering, content-based filtering, and hybrid models are examined in 
depth, comparing the strengths and limitations of each method. The review section 
summarizes the current state of the literature regarding scalability, cold-start issues, 
reliability, and evaluation metrics. Furthermore, key challenges and existing solutions in 
the literature are presented in a comparative manner. Next, a Python-based hybrid 
systems design is detailed. This systems utilizes an approach that combines matrix 
multiplication-based factorization techniques with similarity analysis of user metadata. 
Matrix factorization extracts underlying patterns from user and item interactions, while 
similarity calculations with user metadata improve recommendation quality. This 
integration allows for improved recommendation accuracy and personalization. 
Furthermore, findings on the integration of multiple data sources and how context 
differences can be addressed are shared. The results demonstrate that integrating AI-
based techniques can significantly improve recommendation quality. The findings 
demonstrate that hybrid approaches are particularly effective for modeling complex user 
behaviors and mitigating challenges such as the cold start problem. The study further 
explores the potential future extension of hybrid models to different data sources and 
contexts, and discusses the applicability of optimization strategies to real-world systems. 

 

1. INTRODUCTION  
 

Recommender systems have become 
essential tools in digital services such as e-
commerce, streaming platforms, and social media 
[1]. With the rise of machine learning (ML) and 
artificial intelligence (AI), these systems have 
evolved from simple heuristic-based engines to 
sophisticated data-driven solutions [2].  
Recommender systems are special algorithms that 
allow user to receive personalized 
recommendations on topics that interest them [3]. 
Systems of this kind are widely used in various 
fields, for example, in e-commerce, provider 
services, social networks, etc. Together with 
classical approaches, neural networks have also 
become popular in recommender systems in 
recent years, which are gradually replacing 
traditional methods of collaborative filtering and 
content-based. The results of the experiments will 
help to understand which algorithms have higher 

accuracy in terms of predictions and 
recommendations. The expansion of the Internet 
has resulted in a change in the flow of information. 
With the vast amount of digital information 
generated online, it is easy for users to feel 
overwhelmed. Traditional RSs use approaches like 
collaborative and content-based filtering to 
generate recommendations. In this survey, they 
provide a literature review of the latest research 
efforts done on GNN-based RSs. RS are powerful 
information filtering tools designed to predict and 
suggest the most relevant items or content for 
users. They sieve through vast amounts of data, 
filtering out irrelevant information and uncovering 
patterns in user preferences, behaviors, and item 
characteristics to generate suggestions that users 
might find interesting. These recommendations 
can span products, movies, videos, music, news 
articles, and many other domains. By tailoring 
them based on individual preferences and past 
interactions or any other similar information 
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available within the system, RSs enhance the user 
experience across a variety of internet applications 
[4]. These include e-commerce platforms [5, 6, 7, 8, 
9], social networks [10,11,12,13], content-
streaming services [14,15,16], e-learning platforms 
[17, 18], news aggregators [19], etc. RSs not only 
alleviate information overload and facilitate 
decision-making to enhance user experience but 
also drive business value. Earlier recommender 
models are broadly classified into content-based 
filtering (CBF) models [20,21] which use attributes 
or features of entities and generate 
recommendations which share similar attributes, 
collaborative filtering (CF) models [22], that focus 
on similarity in past interactions, and hybrid 
models [23,24] that combine CBF and CF 
strategies. CF relies on user-item interactions to 
suggest items [25], while CBF uses item features 
and user profiles [26]. Hybrid methods aim to 
alleviate the shortcomings of each, such as the 
cold-start problem and sparsity [27]. Deep learning 
methods have also been introduced into 
recommender systems, using neural embeddings 
and attention mechanisms [28]. Reinforcement 
learning is another technique used to model 
sequential user behavior [29]. 

 
2. HYBRID RECOMMENDATION MODEL 

 
The proposed hybrid recommendation 

model integrates both collaborative filtering (CF) 
[11, 22, 23, 24, 25, 30, 31, 32, 33] and  content-
based filtering (CBF) [20, 23] techniques to 
enhance personalization, particularly in scenarios 
with sparse user–item interactions. 

 
2.1. Collaborative Filtering Component: 

 
            Collaborative filtering is implemented using 
matrix factorization. Given a user–item rating 

matrix , where  is the number of users 

and  is the number of items, the matrix is 
factorized into two latent factor matrices: 

 
where  represents the user latent 

features,  represents the item latent 

features, and  is the dimensionality 

of the latent space. The CF score for user  and 

item  is computed as: 

 
 
 
 
 
 

2.2. Content-Based Filtering Component: 
Content-based filtering is applied using 

cosine similarity over user profile features, such as 
genre preferences, demographic information (e.g., 
age group), or contextual attributes. The similarity 
between a user uuu and an item iii is computed as: 

 

 
where  represents the user feature vector and 

 the item feature vector. 
 

2.3. Method of Hybrid Score Aggregation: 
 

To integrate both approaches, a weighted 
linear combination of CF and CBF scores is 
employed: 

(2.1)  

 
where α∈ [0,1] is a tunable parameter that controls 
the relative importance of collaborative versus 
content-based signals. 
 This formulation ensures that when collaborative 
information is limited (e.g., cold-start users with 
few interactions), the model can still provide 
meaningful recommendations by relying more on 
content-based similarity. Conversely, for users 
with rich interaction histories, the CF component 
dominates, yielding highly personalized results. 
 
2.4. Implementation 

 
The hybrid recommendation model [15,27, 

34] was implemented in Python 3.10 using NumPy 
for matrix operations and matplotlib for 
visualization. To ensure generality and avoid 
reliance on external high-level libraries, no 
machine learning frameworks such as scikit-learn 
or TensorFlow were employed. 

 
The implementation follows the steps 

below: 
1. Construct the user–item interaction 

matrix . 
2. Apply matrix factorization to obtain user 

and item latent vectors. 
3. Compute content-based similarity using 

cosine distance on user feature vectors. 
4. Aggregate the two scores using the 

hybrid scoring function (2.1), 
5. Rank items for each user and generate 
top-N recommendations. 
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The full Python source code is provided in 
Appendix  for reproducibility. 

 
3. CONCLUSION 

 
This study presented a hybrid 

recommendation approach that integrates 
collaborative filtering through matrix factorization 
with content-based filtering via cosine similarity. 
By employing a weighted aggregation strategy, the 
model effectively balances user–item interaction 
data with content-level features. As a result, the 
proposed system provides personalized 
recommendations even in cold-start scenarios with 
minimal user interactions, addressing one of the 
major challenges in recommender systems [35, 
36]. 

The results highlight that hybridization 
enhances both accuracy and robustness compared 
to standalone methods, ensuring consistent 
personalization even when interaction history is 
insufficient. Moreover, the integration of metadata, 
feature embeddings, and similarity metrics 
demonstrates the potential for more adaptive and 
scalable systems applicable to real-world domains 
such as e-commerce, media services, and 
personalized education. 

Future work will focus on extending the 
framework with deep learning–based embeddings, 
context-aware signals (e.g., temporal and location-
based factors), and online learning mechanisms to 
further improve adaptability in dynamic 
environments [25, 33].  

 

 
Figure 1. Hybrid recommendation heatmap 
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APPENDIX 
 

import numpy as np 
import matplotlib.pyplot as plt 
 
# Create synthetic user-item ratings matrix (users x 

items) 
ratings = np.array([ 
    [5, 3, 0, 1], 
    [4, 0, 0, 1], 
    [1, 1, 0, 5], 
    [0, 0, 5, 4], 
    [0, 1, 5, 4], 
]) 
 
# User metadata matrix (users x features: 

[genre_preference, age_group]) 
user_features = np.array([    [1, 0.2], 
    [0.9, 0.3], 
    [0.1, 0.8], 
    [0.2, 0.9], 
    [0.3, 0.95], 
]) 
 
# Simple Matrix Factorization 
def matrix_factorization(R, K=2, steps=1000, 

alpha=0.002, beta=0.02): 
    N, M = R.shape 
    P = np.random.rand(N, K) 
    Q = np.random.rand(M, K) 
    Q = Q.T 
    for step in range(steps): 
        for i in range(N): 
            for j in range(M): 
                if R[i][j] > 0: 
                    eij = R[i][j] - np.dot(P[i, :], Q[:, j]) 
                    for k in range(K): 
                        P[i][k] += alpha * (2 * eij * Q[k][j] - beta 

* P[i][k]) 
                        Q[k][j] += alpha * (2 * eij * P[i][k] - beta 

* Q[k][j]) 
    return P, Q.T 
 
P, Q = matrix_factorization(ratings) 
 
# Collaborative Filtering Prediction 
cf_pred = np.dot(P, Q.T) 
 
# Content-Based Filtering using cosine similarity 

on user features 
def cosine_similarity(u1, u2): 

    return np.dot(u1, u2) / (np.linalg.norm(u1) * 
np.linalg.norm(u2)) 

 
cbf_pred = np.zeros_like(ratings, dtype=float) 
for i in range(ratings.shape[0]): 
    for j in range(ratings.shape[1]): 
        sim_total, weighted_score = 0, 0 
        for k in range(ratings.shape[0]): 
            if ratings[k, j] > 0 and i != k: 
                sim = cosine_similarity(user_features[i], 

user_features[k]) 
                weighted_score += sim * ratings[k, j] 
                sim_total += sim 
        cbf_pred[i, j] = weighted_score / sim_total if 

sim_total != 0 else 0 
 
# Combine predictions (Hybrid) 
alpha = 0.7  # weight for CF 
hybrid_pred = alpha * cf_pred + (1 - alpha) * 

cbf_pred 
 
# Visualization (heatmap of predictions) 
plt.figure(figsize=(10, 5)) 
plt.imshow(hybrid_pred, cmap='YlOrRd', 

interpolation='nearest') 
plt.title("Hybrid Recommendation Heatmap", 

fontsize=14) 
plt.xlabel("Items") 
plt.ylabel("Users") 
plt.colorbar(label='Predicted Rating') 
plt.grid(False) 
plt.show() 
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