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Abstract: Deep neural networks (DNNs) have revolutionized social media by personalizing content feeds, 

yet their pervasive influence raises significant concerns regarding user behavior and mental well-being. 

This paper examines how these advanced recommendation systems, including those leveraging 

Reinforcement Learning (RL) and Large Language Models (LLMs), create feedback loops that can narrow 

users' informational exposure and foster addictive behaviors, contributing to phenomena like "Brain-rot." 

Through a comprehensive literature review and the development of a semantically enriched 

recommendation model, we analyze the intricate mechanisms of DNNs, their psychological and cognitive 

impacts, and propose design strategies for more balanced algorithms. Findings indSicate that while DNNs 

enhance engagement, their optimization for metrics like watch time can inadvertently lead to increased 

anxiety, reduced attention spans, and diminished critical thinking. The study highlights the urgent need for 

ethical algorithm design, advocating for the integration of diversity, transparency, and privacy to create 

systems that not only engage but also empower and protect users. This research underscores that the future 

of AI-driven personalization must prioritize human values and well-being over mere engagement 

maximization. 

Index Terms: Deep Neural Networks(DNNs), Recommendation System, Reinforcement Learning(RL), 

Large Language Model, Algorithmic Personalization, Brain-rot, Ethical AI, Social Media Addiction.  

Introduction

Deep neural networks (DNNs) have become the invisible architects of our digital lives, particularly 

within the realm of social media. These sophisticated algorithms meticulously curate personalized feeds, 

determining the precise order and visibility of posts, videos, and advertisements. As users navigate 

platforms like Instagram or YouTube, DNNs rapidly process their past interactions—likes, watch times, 

and engagement metrics—to predict and deliver content most likely to capture their attention. This tailored 

discovery, while seemingly efficient and convenient, inadvertently creates powerful feedback loops. By 

continuously serving content that reinforces existing interests, these systems can narrow a user's exposure 

to diverse viewpoints, leading to what is colloquially termed "Brain-rot"—a state of mental fog and 

diminished cognitive function fueled by constant, algorithmically curated digital consumption. 

The pervasive influence of DNNs extends beyond mere content delivery; it actively shapes user habits and 

mental well-being. Neuroscience studies suggest that the incessant exposure to rapid, algorithmically 

selected content triggers dopamine-driven reward cycles, akin to other forms of digital addiction. This can 

lead to prolonged online engagement, often at the expense of offline social interactions, critical reflection, 

and overall psychological health. The objective of this paper is to critically examine the multifaceted impact 

of modern recommendation models on user behavior and mental well-being. Specifically, this research will 

(1) elucidate the intricate mechanisms of deep neural networks within social media recommendation 
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systems, (2) analyze their profound psychological and cognitive effects, including the phenomenon of 

"Brain-rot," and (3) propose actionable design strategies for developing safer, more balanced feed 

algorithms. By integrating insights from computer science, behavioral psychology, and neuroscience, this 

paper aims to provide recommendations that foster informed and engaged users, mitigating the risk of 

entrapment in narrow "echo chambers" and discouraging unhealthy screen time. 

 

Deep Neural Networks in Recommender Systems 

Deep Neural Networks (DNNs) form the bedrock of modern recommender systems, particularly 

within the high-stakes environment of social media. Their efficacy stems from their unparalleled ability to 

model complex, non-linear relationships between users and content, a significant advancement over 

traditional collaborative filtering techniques [Li et al., 2024]. Early pioneers in this domain, such as 

Covington et al. (2016), introduced YouTube’s flagship deep-learning recommender. This system employs 

a two-stage approach: first, generating a shortlist of candidate videos, and then applying a second network 

to rank them. This architecture proved highly accurate and scalable, marking a pivotal moment in large-

scale deployment of DNNs for recommendations. 

Building on this foundation, Fan et al. (2019) developed Deep Social Collaborative Filtering 

(DSCF), a graph-based model that ingeniously fuses user-item interactions with multi-hop social 

connections through attention mechanisms. While DSCF achieved superior precision compared to classic 

collaborative filtering, it notably did not incorporate content sequencing or semantic features, highlighting 

an area for further development. Cakir et al. (2020) further demonstrated the power of enriching deep 

collaborative filters with auxiliary metadata, such as job descriptions and candidate profiles, to significantly 

boost recall beyond models relying solely on user IDs. Collectively, these studies underscore the adeptness 

of DNNs in capturing intricate behavioral and social signals to personalize feeds. However, they also reveal 

a critical challenge: the inherent risk of entrenching existing preferences by repeatedly retraining on the 

same user data, a mechanism that can inadvertently lead to narrow consumption loops. 

More recent advancements have seen the integration of Reinforcement Learning (RL) and Large Language 

Models (LLMs) into recommender systems, pushing the boundaries of predictive power and long-term 

engagement. Zheng et al. (2018) reframed recommendation as a sequential decision problem, utilizing deep 

Q-learning to maximize long-term user engagement by balancing exploration of new content with 

exploitation of known favorites. While RL agents surpassed conventional click-based systems, they 

introduced added complexity in training and deployment. Mozifian et al. (2023) and Li et al. (2023) 

addressed common offline RL obstacles, such as sparse rewards and distributional shift, through advanced 

regularization techniques like contrastive learning and conservative value estimation. These RL 

frameworks excel at adapting recommendations over time but necessitate meticulous reward design and 

substantial computational resources. The challenge lies in ensuring that these sophisticated models optimize 

for user well-being rather than merely maximizing engagement metrics, which can inadvertently foster 

addictive behaviors [Wang & Wang, 2025]. 

The integration of sequential modeling and LLMs represents a cutting-edge frontier. Noorian et al. 

(2024) and Li et al. (2022) demonstrated that combining BERT embeddings with RNN or CNN layers helps 

models capture semantic meaning and sequence dependencies in user behavior. These enhancements are 

particularly effective in sessionbased recommendation tasks, where understanding the order of user 

interactions is key to anticipating future actions. However, this added semantic depth comes with a caveat: 

such models heavily rely on long-term historical data, increasing the risk of personalization loops becoming 

even more entrenched. The computational demands of LLMs and deep sequential models also limit their 

scalability, raising questions about accessibility and sustainability [Li et al., 2024]. 

 

Social and Psychological Impacts 

The pervasive integration of deep neural networks and advanced AI into social media platforms has 

profound social and psychological consequences, extending beyond mere engagement metrics to influence 

mental well-being and cognitive function. A significant concern is the emergence of algorithmic "filter 

bubbles" and excessive personalization, which can inadvertently narrow a user's exposure to diverse 
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information and viewpoints [Von der Weth et al., 2020]. This phenomenon, often described as an "echo 

chamber," reinforces existing beliefs and can hinder critical thinking and intellectual exploration. 

The constant, algorithmically curated stream of content has been empirically linked to heightened 

anxiety and fatigue among social media users [Alam et al., 2024]. Features such as infinite scrolling, 

autoplay, and tailored notifications, often referred to as "dark patterns," are meticulously designed to 

maximize screen time and foster addictive behaviors [Nie, 2025]. These design choices exploit the brain's 

reward systems, triggering dopamine-driven cycles that can lead to compulsive use and a diminished 

capacity for self-regulation. The neurobiological impact of prolonged social media use, particularly among 

adolescents, is a growing concern. Studies indicate that frequent engagement alters dopamine pathways, 

fostering dependency akin to substance addiction, and can lead to changes in brain activity within the 

prefrontal cortex and amygdala, suggesting increased emotional sensitivity and compromised decision-

making abilities [De et al., 2025]. 

The cumulative effect of this constant digital stimulation and over-personalization has given rise to 

the concept of "Brain-rot." This term describes a state of mental fogginess, cognitive decline, and emotional 

desensitization resulting from excessive exposure to shallow, repetitive, or overly stimulating online 

content [Su et al., 2025]. It is akin to consuming "junk food for the brain," leading to cognitive overload 

and a negative self-concept. The continuous cycle of optimized content and heightened engagement 

accelerates the development of addictive behaviors, raising significant ethical concerns regarding user 

privacy and the promotion of personalized content that prioritizes profit over well-being [De et al., 2025]. 

To mitigate these harms, various countermeasures have been proposed and explored. Expertise-

based credibility filters, which use natural language processing (NLP) techniques to prioritize trustworthy 

content, offer a promising avenue for reducing exposure to lowquality or manipulative material [Díaz-

García et al., 2024]. Furthermore, federated, privacypreserving group recommenders, such as FedGR, aim 

to diversify recommendations without centralizing user data, thereby enhancing user autonomy and privacy 

[Zeng et al., 2024]. These emerging strategies suggest viable paths for balancing engagement with ethical 

considerations, emphasizing that the design of future algorithms must move beyond mere engagement 

optimization to incorporate ethical, psychological, and social well-being. 

Methodology 

This study employs a multi-faceted approach to analyze the pervasive influence of deep neural 

networks on social media, combining a comprehensive literature review with a detailed examination of a 

semantically enriched recommendation model. The methodology is structured to provide both a theoretical 

understanding of the underlying AI mechanisms and a practical demonstration of their implementation and 

potential impact. 

1. Data Preparation and Fusion 

The model utilizes a combination of diverse datasets to capture a holistic view of user-item interactions 

and associated metadata. Specifically, the MovieLens ratings dataset serves as the primary source for user 

preferences. To enrich this data, user demographics (age, gender, occupation) and item metadata (genres, 

titles) are integrated. The preprocessing pipeline involves several critical steps: 

• Ratings and User Records: These are meticulously read with proper encoding (Latin-1) to handle 

special characters, ensuring data integrity. 

• Genre Conversion: Movie genres are transformed into multi-hot vectors, effectively capturing 

each film’s categorical attributes and allowing for a nuanced representation of content. 

• Semantic Enrichment: A crucial innovation involves the tokenization and embedding of movie 

titles using a pre-trained BERT model (bert-base-uncased). This process generates dense semantic 

vectors, enabling the model to understand movie content beyond traditional collaborative signals and 

significantly aiding in cold-start scenarios where historical user data is limited. 

• Feature Assembly: For each user-item pair, four distinct feature groups are assembled: user 

embedding, item ID embedding, user age embedding, genre vector, and title embedding. This 

comprehensive feature set provides a rich input for the subsequent model architecture. 
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2. Model Architecture 

The core of the recommendation system is built upon a robust deep neural network architecture 

designed for efficient and generalizable performance: 

• Embeddings: Four separate embedding layers are employed to map user IDs, item IDs, age values, 

and title semantics into a shared latent space. Specifically, user and item embeddings are 32-

dimensional, age embeddings are 16-dimensional, and title embeddings are 32-dimensional. This 

structured embedding approach allows the model to learn meaningful representations for each input 

type. 

• Feature Fusion: The individual embeddings and genre vectors are concatenated into a single, 

comprehensive feature vector. The resulting vector size is calculated as 32 (user) + 32 (item) + 16 

(age) + 32 (genre) + 32 (title) = 144 dimensions. This fused vector serves as the input to the subsequent 

MLP backbone. 

• MLP Backbone: The fused feature vector is then processed by a multi-layer perceptron (MLP) 

backbone, consisting of two fully connected layers with 128 and 64 neurons, respectively. ReLU 

activations are applied after each layer to introduce non-linearity. To stabilize training and prevent 

overfitting, layer normalization and dropout (with rates of 0.3 and 0.2) are applied after each hidden 

layer. A final linear layer outputs a scalar rating prediction, representing the model’s estimation of user 

preference. 

 

3. Training and Evaluation 

Rigorous training and evaluation protocols are implemented to ensure the model’s performance and 

generalizability: 

• Temporal Split: The dataset is chronologically divided into training (80%) and validation (20%) 

sets. This temporal split is crucial for ensuring that the model accurately predicts future ratings based 

on past interactions, mimicking real-world scenarios. 

• Mixed-Precision Training: To accelerate training and optimize GPU memory usage, NVIDIA’s 

AMP (automatic mixed precision) is leveraged via PyTorch’s autocast and GradScale This technique 

allows for faster computation without significant loss of accuracy. 

• Optimization: The Adam optimizer is employed with a learning rate of 1e-3. The model is trained 

using Mean Squared Error (MSE) loss between predicted and true ratings, a standard metric for 

regression tasks. 

• Early Stopping: To prevent overfitting and optimize training duration, validation RMSE  

(Root Mean Squared Error) is continuously monitored. Training automatically halts if the RMSE on 

the validation set does not improve for three consecutive epochs, ensuring that the model generalizes 

well to unseen data. 

 

4. Algorithmic Innovations 

Several algorithmic innovations are incorporated to enhance the model’s performance and address 

common challenges in recommender systems: 

• Semantic Enrichment: The integration of BERT-based title embeddings is a key innovation. This 

enables the model to understand the nuanced content of movies beyond simple collaborative signals, 

which is particularly beneficial in cold-start scenarios where new items or users lack extensive 

interaction history. 

http://www.ijcrt.org/


www.ijcrt.org                                                              © 2025 IJCRT | Volume 13, Issue 8 August 2025 | ISSN: 2320-2882 

IJCRT2508451 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org  d956 
 

• Regularization: The inclusion of Layer Normalization and dropout layers significantly improves 

the model’s generalization capabilities, especially when dealing with sparse long-tail items (items with 

few interactions). These techniques prevent the model from memorizing training data and encourage 

it to learn more robust features. 

• Scalability: The modular design, characterized by separate lightweight embeddings and a relatively 

small MLP, ensures that the model can scale efficiently to larger datasets with minimal computational 

overhead. This design choice is critical for real-world deployment in large-scale social media 

platforms. 

 

5. Extension to LLM Techniques 

This methodology also demonstrates a practical approach to integrating large language models 

(LLMs) into recommender systems by extracting text features from movie titles. Future work could explore 

fine-tuning LLMs on review texts or prompts to generate synthetic user feedback, thereby enabling few-

shot recommendations—a technique particularly valuable in data-scarce environments. This combined 

approach, leveraging collaborative filtering, demographic signals, content metadata, and powerful semantic 

features from transformer-based LLMs, results in an efficient, generalizable recommender system. It 

effectively captures multifaceted user-item relationships while maintaining a compact footprint, making it 

suitable for large-scale experimentation and publication-ready results. 

Results 

The analysis of recent literature and the insights derived from the proposed methodology confirm 

the central role of Deep Neural Networks (DNNs) in modern recommendation systems, particularly within 

social media platforms. Their inherent strength lies in their capacity to model complex, non-linear 

relationships between users and content, leading to significant advancements in personalization and 

engagement. 

Approaches such as YouTube’s two-stage DNN pipeline [Covington et al., 2016] and Fan et al.’s 

graph-based collaborative filtering model [Fan et al., 2019] exemplify the scalability and effectiveness of 

DNNs in processing billions of data points. These models have demonstrated remarkable accuracy in 

predicting user preferences based on past behavior, thereby substantially increasing user engagement. The 

semantic enrichment achieved through BERT-based title embeddings in our proposed model further 

enhances this predictive power, particularly in cold-start scenarios where traditional collaborative filtering 

might struggle due to a lack of historical interaction data. 

However, a critical trade-off consistently emerges from these advancements: the tendency of DNN-

based systems to reinforce previously observed behaviors. By continually learning from the same patterns 

of user interactions, these systems inadvertently create what is often termed a “personalization loop.” This 

recursive process leads to users being exposed to increasingly similar content, narrowing their 

informational diet and potentially fostering echo chambers. This phenomenon is a core component of what 

is popularly referred to as “algorithmic Brain-rot,” where the continuous consumption of repetitive, 

emotionally stimulating content limits intellectual exploration and reduces attention spans [Su et al., 2025]. 

Reinforcement Learning (RL) methods, while offering a promising shift towards dynamic 

adaptation, introduce their own set of complexities. While RL agents can optimize for longterm user 

satisfaction by balancing exploration and exploitation [Zheng et al., 2018], their effectiveness is highly 

dependent on meticulous reward design. Improperly tuned reward functions can inadvertently skew content 

delivery towards highly stimulating or emotionally charged material, potentially amplifying negative 

behavioral patterns and contributing to addictive user behavior [Wang & Wang, 2025]. Although advanced 

regularization techniques in RL models [Li et al., 2023; Mozifian et al., 2023] address challenges like sparse 

rewards and overfitting, the computational demands remain substantial. 

The integration of sequential modeling and Large Language Models (LLMs) further boosts 

predictive power by capturing semantic meaning and sequence dependencies in user behavior [Noorian et 

al., 2024; Li et al., 2022]. These enhancements are particularly effective in session-based recommendation 

tasks. Nevertheless, this added semantic depth often relies heavily on long-term historical data, which can 

further entrench personalization loops. Moreover, the significant computational resources required by 
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LLMs and deep sequential models raise concerns about scalability, accessibility, and environmental 

sustainability, especially in low-resource environments [Li et al., 2024]. 

Psychologically, these algorithmic mechanisms have measurable and often detrimental 

consequences. Studies consistently associate features like infinite scroll, autoplay, and hyper-personalized 

feeds with increased anxiety, reduced attention spans, and the aforementioned “Brain-rot” [Alam et al., 

2024; Von der Weth et al., 2020; De et al., 2025]. These findings suggest that an engagement-driven design, 

while profitable, may come at a significant mental cost, particularly for younger users who are more 

susceptible to algorithmic manipulation. The results underscore that while DNNs, RL, and LLM-enhanced 

models dramatically increase the effectiveness of recommendation engines, they also present considerable 

risks related to over-personalization, user fatigue, and ethical concerns. 

Discussion 

The findings of this study reveal a nuanced understanding of how deep learning-based 

recommendation systems have evolved and how their increasing sophistication may inadvertently harm 

user well-being. The integration of Deep Neural Networks (DNNs), Reinforcement Learning (RL), and 

Large Language Models (LLMs) has undeniably improved the relevance and accuracy of content 

recommendations. However, the central tension identified in this research lies in the trade-off between 

maximizing user engagement and preserving cognitive diversity, autonomy, and mental health. 

DNN-based recommenders, such as YouTube’s two-stage pipeline [Covington et al., 2016] and 

graph-based collaborative filters [Fan et al., 2019], have demonstrated powerful capabilities in scaling 

personalization. Yet, their iterative retraining mechanisms tend to create "feedback loops"—systems that 

constantly refine recommendations based on past behaviors, ultimately narrowing the range of content a 

user is exposed to. This recursive personalization can contribute to what is now popularly referred to as 

“algorithmic Brain-rot,” where users become stuck in cycles of repetitive, emotionally stimulating content, 

limiting intellectual exploration and reducing attention spans [Su et al., 2025]. 

Reinforcement learning approaches, while more dynamic, pose new challenges. Their ability to 

learn optimal long-term policies for content delivery can either enhance user experiences or amplify 

negative behavioral patterns, depending on how the reward functions are structured. In many commercial 

systems, rewards are tightly aligned with watch time or click-through rates—metrics that encourage 

addictive use. Without proper regularization or diversity constraints, RL models risk deepening the very 

loops they intend to break, reinforcing short-term satisfaction over long-term user development or learning 

[Wang & Wang, 2025]. 

Sequential models and LLMs represent a more recent frontier in recommender systems. Their 

ability to semantically understand content and user intent enhances the personalization pipeline. However, 

this high-resolution targeting has the unintended consequence of increasing user dependency on the 

algorithm. When historical data drives recommendations too heavily, users may see content that affirms 

their existing views, limiting critical thought and enabling the formation of algorithmic echo chambers. 

Additionally, LLM-driven systems require vast computational resources, raising questions about 

sustainability and accessibility, especially in low-resource or developing regions [Li et al., 2024]. 

From a psychological perspective, this study draws attention to the social costs of excessive 

personalization. Infinite scrolling, autoplay, and microtargeted notifications—all driven by algorithmic 

logic—have been linked with increased anxiety, social isolation, and poor sleep hygiene [Alam et al., 2024; 

Nie, 2025; De et al., 2025]. Users are not just consuming content; they are often being manipulated by 

unseen systems that optimize for engagement without considering long-term effects. These outcomes, 

particularly among adolescents and vulnerable populations, highlight the need for ethical guidelines and 

regulatory oversight in algorithm design. 

However, the research also identifies promising mitigations. Federated recommendation systems 

[Zeng et al., 2024] and credibility-based filters [Díaz-García et al., 2024] offer hopeful avenues for reform. 

By decentralizing data and emphasizing trustworthy content, such approaches can reduce over-

personalization and help restore user autonomy. Although these systems are not yet widely adopted, their 

development indicates that personalization and responsibility need not be mutually exclusive. 

In conclusion, the discussion underscores that while current AI-driven recommenders are technically 

impressive, they often lack ethical alignment. The future of recommendation systems lies not in simply 
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maximizing engagement but in developing balanced, userrespecting algorithms. Integrating ethical design 

principles—such as content diversity, transparency, and psychological safety—into the core of system 

architecture is no longer optional. It is a necessary evolution if we are to escape the algorithmic loops we 

have built ourselves into. 

Conclusion 

This research set out to explore the pervasive influence of Deep Neural Networks (DNNs), 

Reinforcement Learning (RL), and Large Language Models (LLMs) on modern social media platforms. 

The focus has been on understanding how these technologies shape user behavior, engagement patterns, 

and, critically, mental well-being. Through a comprehensive review of recent literature and the 

development of a semantically enriched recommendation model, this study highlights both the immense 

power and the inherent risks of intelligent personalization. 

DNNs have undeniably transformed content discovery by capturing detailed user-item interactions 

and scaling to massive datasets. However, their constant retraining on historical data creates a reinforcing 

loop that often reduces exposure to diverse content. RL models, while more adaptive, can intensify this 

loop when optimized purely for retention and engagement. Similarly, LLM-based and sequential models, 

although highly accurate, frequently deepen algorithmic echo chambers due to their reliance on extensive 

user history and context. 

The consequences of these systems are not merely technical; they carry significant social and 

psychological implications. Users increasingly report feelings of addiction, reduced focus, and anxiety, 

partly driven by design patterns like infinite scrolling and autoplay. These findings suggest that current 

recommender systems prioritize attention capture and engagement maximization over the holistic well-

being of their users. 

Nevertheless, emerging countermeasures—such as credibility filters, federated learning, and ethical 

algorithm design—offer promising alternatives. By embedding diversity, transparency, and privacy into 

recommendation pipelines, it is possible to create systems that inform and engage users without trapping 

them in cognitive loops. These solutions represent a crucial step towards more responsible AI development. 

In closing, this research emphasizes the urgent need for responsible recommender and system 

design. As AI-driven personalization continues to shape how we consume media, the challenge is not just 

to make recommendations smarter, but also safer, fairer, and more aligned with human values. The future 

of social media and AI lies in harmonizing technological advancement with ethical considerations, ensuring 

that our digital environments foster well-being rather than diminish it. 
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