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I. INTRODUCTION 

 
With the exponential growth of social media usage 

worldwide, platforms such as Facebook, Instagram, 

YouTube, Twitter (X), and TikTok rely heavily on 

recommendation engines to keep users engaged. 

These engines tailor feeds, suggest friends, and 

promote ads using large-scale behavioural data. 

The goals of this paper are to: 

 Review key recommendation strategies used in 

social media. 

 Highlight how these systems personalize user 

experiences. 

 Discuss associated challenges like bias and 

over-personalization. 

 Explore emerging trends and propose future 

research directions. 

 The literature examined spans from 2005 to 

2024 and includes sources from IEEE Xplore, 

ScienceDirect, Google Scholar, and ACM Digital 

Library. 

 

II. LITERATURE REVIEW 

 
Many studies have focused on the development 

and application of recommender systems. Burke 

(2002) introduced hybrid recommendation models 

that blend different techniques for improved results 

[2]. Tang et al. (2013) emphasized social 

recommendation models leveraging user 

interactions and networks [3]. More recently, Zhang 

et al. (2019) surveyed deep learning approaches 

reshaping modern recommender systems 

[5].Despite advancements, concerns around 

transparency, bias, and over-personalization remain. 

Zhao et al. (2019) explored the unique dynamics of 

social media recommendations [4], while Jannach 

and Adomavicius (2016) outlined future research 

challenges [7]. This paper builds upon these works 
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by integrating recent innovations like transformers 

and graph neural networks [5]. 

III. REVIEW METHODOLOGY 

 
This study adopts a qualitative, thematic review 

approach 

Research Design 

A qualitative, thematic analysis was used to 

categorize existing recommendation system 

techniques and their impact on social media 

engagement. 

 

Data Collection 

Articles were selected using keywords such as 

“social media recommender”, “deep learning 

recommendations”, “user engagement”, and 

“personalized feed algorithms”.Tools Used 

Databases included IEEE Xplore, ScienceDirect, 

Google Scholar, and ACM Digital Library. 

Sampling Technique Purposive sampling was used 

to prioritize empirical, peer-reviewed, or industry-

based studies between 2005 and 2024. 

 

Ethical Considerations Only publicly available and 

peer-reviewed data were included. No human 

subjects were involved. 

 

VI RESULTS / FINDINGS 

 
Content-Based Filtering 

These systems recommend content similar to what 

the user has previously interacted with, based on 

metadata such as tags, hashtags, and user interests. 

For instance, YouTube uses video metadata and 

watch history to suggest related videos. Content-

based filtering often uses NLP techniques like TF-

IDF or BERT embeddings to extract semantic 

meaning from posts or captions. 

 

Collaborative Filtering 

By analysing interactions among users (likes, 

follows, shares), collaborative filtering suggests 

content enjoyed by similar users. Twitter‟s “Who to 

Follow” and Facebook‟s friend suggestions are 

classic examples. Matrix factorization and user-item 

rating prediction are commonly used techniques. 

3.3 Hybrid Approaches 

Hybrid models combine collaborative and content-

based methods. For example, TikTok combines user 

behaviour (watch time, interactions) with content 

features (music, captions) to fine-tune video 

recommendations. Netflix‟s success with hybrid 

approaches has influenced social media companies 

to adopt similar frameworks. 

 

Graph-Based and Social Network Modelling 

Graph-based recommendation systems model 

social media as a network of users and items (posts, 

friends, pages). Techniques like Graph Neural 

Networks (GNNs) and Graph Attention Networks 

(GATs) enhance friend recommendations and group 

suggestions. Facebook's “People You May Know” is 

powered by such models. 

 

Transformer-Based and Deep Learning Techniques 

Modern systems like Instagram and TikTok use 

deep learning and transformer architectures for 

ranking and recommendation. Instagram deploys 

machine learning models that optimize feed 

ranking based on recency, user interactions, and 

content type. YouTube uses deep neural networks 

for personalized home pages. 

 

V. DISCUSSION / ANALYSIS 

 
Impact on User Experience 

Recommendation systems significantly enhance 

social media experiences by: 

 Increasing user engagement through 

personalized content [1]. 

 Reducing cognitive load by filtering irrelevant 

posts. 

 Improving content discovery, especially for 

niche creators [4]. 

 Encouraging network growth via relevant 

suggestions. 

 Negative Consequences 

 However, they can also lead to: 

 Filter bubbles and echo chambers [4][6]. 

 Addictive behaviours due to optimized 

engagement [7]. 

 Biases in exposure, affecting minority content 

creators [6]. 

Comparative Review 
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While content-based and collaborative filtering 

remain foundational, hybrid and deep learning 

techniques now dominate [5]. Graph-based models 

and transformers represent the frontier of research 

and deployment. 

 

 

VI. CHALLENGES AND LIMITATIONS 
 

 Data Privacy: Massive data collection for 

personalization can threaten user privacy.[6] 

 Bias and Fairness: Popularity bias skews 

recommendations toward already famous 

content. 

 Lack of Transparency: Users are unaware of 

how content is recommended.[7] 

 Over-Personalization: Limits user exposure to 

varied or dissenting opinions. 

 Evaluation Metrics: Engagement-based 

metrics like CTR (click-through rate) may not 

reflect long-term user satisfaction or well-

being.[4] 

 

VII. FUTURE RESEARCH DIRECTIONS 

 
 Explainable AI: Recommendations should be 

interpretable by users [6]. 

 Fair Algorithms: Ensure minority or niche 

content is fairly promoted . 

 User-Controlled Personalization: Allow users to 

adjust or disable personalization [7]. 

 Real-Time Personalization: Adaptive systems 

that respond instantly [5]. 

 Cross-Platform Data Integration: Leverage 

multi-platform behavior for better suggestions. 

 Ethical Guidelines: Enforce standards to prevent 

manipulation or harm [6]. 

 

VIII. CONCLUSION 

 
Recommendation systems are the backbone of 

personalized social media experiences. From 

suggesting friends to optimizing feeds, they shape 

how billions of users interact with digital content 

daily. While technological progress has led to 

improved performance and scalability, challenges 

like bias, transparency, and user autonomy must be 

addressed. Future recommender systems must 

balance engagement with responsibility, creating 

environments that are both enjoyable and ethical. 
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