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ABSTRACT

To address the multidimensional and nonlinear characteristics of user behavior in the media industry, this study
proposes an intelligent user modeling and recommendation framework, termed MUMA, based on hybrid
machine learning techniques. The proposed system establishes a spatial-temporal dual-driven user profiling
mechanism by integrating heterogeneous multi-source data, including clickstream records, viewing duration,
social network relationships, and eye-movement hotspot information. The key technical contributions are
threefold. First, a dynamic interest-aware network (DIN) combined with a hybrid LSTM-Transformer
architecture incorporating a time-decay factor is designed to effectively capture both short-term and long-term
user behavior patterns. Second, a cross-domain transfer learning module based on a heterogeneous information
network (HIN) is developed to enable collaborative recommendations across multiple media domains such as
news, video, and advertising services. Third, a hybrid recommendation strategy integrating reinforcement
learning with causal inference is introduced to construct a bandit—propensity framework that balances
exploration and exploitation during recommendation. At the system implementation level, a real-time feature
engineering pipeline built on Flink and Redis supports millisecond-level feature updates at large scale, enabling
efficient and responsive personalized recommendations. Experimental results demonstrate that the proposed
framework achieves an improvement in recommendation accuracy and increases the click-through rate (CTR)
to 12.8%, outperforming conventional recommendation models in both effectiveness and real-time adaptability.
Keywords: Hybrid Machine Learning, Real-Time Recommendation Systems, Media Recommendation, Click-Through
Rate (CTR) Prediction, User Behavior Modeling, Personalization Algorithms, Collaborative Filtering, Content-Based
Filtering, Recommender Systems, Feature Engineering, User Profiling, Deep Learning, Data Mining, Online Learning,
Recommendation Optimization.

I. INTRODUCTION Traditional recommendation approaches, including
collaborative filtering and content-based filtering,

The rapid growth of digital media platforms such as have been widely adopted in platforms like Netflix,

online news portals, video streaming services, and YouTube, and Amazon. However, these conventional

digital advertising ecosystems has significantly systems primarily rely on single-dimensional

transformed how users consume content. With the
exponential increase in multimedia content, users are
often overwhelmed by the vast amount of available

behavioral data such as ratings or historical clicks. In
real-world media environments, user behavior is

highly dynamic, multi-dimensional, and non-linear.

information.  As a  result,  personalized Users interact with content through various signals

recommendation systems have become a critical such as clickstream data, viewing duration, search

component of modern media platforms, enabling queries, social interactions, device usage patterns,

content providers to deliver relevant, engaging, and and even implicit feedback signals like scrolling

timely information tailored to individual user speed or engagement time. Modeling such complex

preferences. behavior requires advanced machine learning
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techniques capable of capturing both short-term
interests and long-term preference evolution.

Recent advancements in deep learning, including
Long Short-Term Memory (LSTM) networks and
Transformer-based architectures, have significantly
improved sequential modeling capabilities. These
models enable systems to understand temporal
patterns in user interactions and adapt to shifting
preferences over time. Additionally, emerging
techniques such as Graph Neural Networks (GNN5s)
and Heterogeneous Information Networks (HINs)
facilitate cross-domain knowledge transfer, allowing
recommendation systems to integrate information
across multiple content domains such as news,
videos, and advertisements. Reinforcement learning
further enhances personalization by dynamically
balancing exploration (introducing new content) and
exploitation (recommending familiar content),
thereby preventing user fatigue and improving long-
term engagement.

Despite these advancements, many existing systems
still struggle with challenges such as cold start
problems, data sparsity, interest drift, and scalability
in real-time environments. There is a growing need
for intelligent frameworks that integrate
heterogeneous data sources, hybrid deep learning
architectures, and adaptive decision-making

strategies within scalable infrastructure pipelines.

This project proposes an advanced machine learning-
based framework for user behavior analysis and
personalized recommendation in the media industry.
The system incorporates multi-source behavioral
data, hybrid LSTM—Transformer architectures with
dynamic interest modeling, cross-domain learning
mechanisms, and reinforcement learning-based
ranking strategies. By leveraging real-time feature
engineering pipelines and scalable distributed
processing, the proposed system aims to deliver
accurate, adaptive, and
recommendations.

high-performance

Ultimately, this research contributes to improving
user satisfaction, increasing engagement metrics

www.ijesat.com

such as click-through rate (CTR) and completion
rate, and enabling media platforms to provide
intelligent, personalized experiences in an
increasingly competitive digital ecosystem.

II. LITERATURE SURVEY

1. Deep Interest Network for Click-Through Rate
Prediction

Author(s): Zhou, G., Zhu, X., Song, C., et al. (2018)

Abstract:

This study introduces the Deep Interest Network
(DIN) for modeling user interests in click-through
rate (CTR) prediction tasks. Unlike traditional fixed-
length user embedding methods, DIN dynamically
activates user historical behaviors according to the
candidate item. By applying an attention mechanism,
the model captures relevant historical interactions
that are most related to the current recommendation
target. Experimental results show significant
improvements in CTR performance compared to
baseline models. However, the model mainly focuses
on short-term interest relevance and does not fully
address long-term preference evolution or cross-
domain knowledge transfer.

2. Neural Collaborative Filtering

Author(s): He, X., Liao, L., Zhang, H., Nie, L., Hu,
X., & Chua, T. S. (2017)

Abstract:

This research proposes Neural Collaborative
Filtering (NCF), which replaces traditional matrix
factorization with deep neural networks to model
complex user-item interactions. The framework
improves recommendation accuracy by learning non-
linear relationships between users and items. Results
demonstrate improved ranking metrics compared to
classical collaborative filtering techniques. Despite
its effectiveness, the model struggles with cold start
problems and does not incorporate temporal

dynamics or multi-source heterogeneous data.
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3. Attention Is All You Need — Transformer
Architecture

Author(s): Vaswani, A., et al. (2017)

Abstract:
This paper introduces the Transformer architecture

based entirely on self-attention mechanisms,
eliminating recurrent structures. The model
significantly = improves  sequential modeling

efficiency and captures long-range dependencies in
data. In recommendation systems, Transformers have
been applied to model user interaction sequences for
predicting next-item behavior. While Transformers
effectively capture short-term contextual
dependencies, they may require integration with
recurrent models such as LSTM to fully model long-
term behavioral patterns.

4. Session-Based = Recommendation  with
Recurrent Neural Networks

Author(s): Hidasi, B., Karatzoglou, A., Baltrunas, L.,
& Tikk, D. (2016)

Abstract:

This study applies Recurrent Neural Networks
(RNNs), particularly GRU/LSTM  models, to
session-based recommendation tasks. The model
captures sequential user interactions within a session
and predicts the next likely item. Experimental
results show improved accuracy compared to static
collaborative filtering approaches. However, the
system mainly focuses on short-term session-level
behavior and lacks mechanisms for long-term interest
modeling or cross-domain adaptation.

5. Graph Neural Networks for Recommender
Systems

Author(s): Wu, L., Sun, P., Fu, Y., Hong, R., Wang,
X., & Wang, M. (2020)

Abstract:
This survey explores the use of Graph Neural
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Networks (GNNs) in recommendation systems.
GNN-based methods model complex user-item
relationships using graph structures, enabling better
representation learning in heterogeneous networks.
The approach improves recommendation diversity
and handles data sparsity effectively. However, many
graph-based systems require high computational
resources and may face scalability challenges in real-
time large-scale media environments.

6. Cross-Domain Recommendation: A Survey

Author(s): Cantador, 1., Fernandez-Tobias, I,
Berkovsky, S., & Cremonesi, P. (2015)

Abstract:
This research reviews cross-domain recommendation
techniques that transfer user preferences across
multiple domains. Methods include transfer learning,
collective matrix factorization, and heterogeneous
information network (HIN) modeling. Cross-domain
systems reduce data sparsity and improve cold-start
performance. aligning heterogeneous
features across domains remains a significant
challenge, and real-time deployment

However,

requires
scalable architectures.

7. Reinforcement Learning for Recommender
Systems

Author(s): Zhao, X., Zhang, L., & Xia, L. (2018)

Abstract:

This paper discusses the application of reinforcement
learning (RL) in personalized recommendation
systems. Multi-armed bandit algorithms and deep Q-
networks are used to optimize long-term user
engagement rather than immediate clicks. RL enables
dynamic adaptation and balances exploration and
exploitation. However, reward design complexity
and bias in logged interaction data can negatively
impact learning stability.
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8. Causal Inference in Recommendation Systems
Author(s): Bottou, L., Peters, J., et al. (2013)

Abstract:

This research highlights the importance of
counterfactual reasoning and causal inference in
recommendation systems. Traditional models suffer
from selection bias due to logged feedback data. By
applying propensity scoring and causal correction
techniques, systems can better estimate the true
impact of recommendations. Although causal
methods improve fairness and robustness, they
increase computational complexity and require
accurate exposure modeling.

9. Real-Time Stream Processing with Apache
Flink

Author(s): Carbone, P., Katsifodimos, A., Ewen, S.,
et al. (2015)

Abstract:

This study presents Apache Flink as a distributed
stream processing framework capable of handling
real-time large-scale data streams. Flink supports
low-latency feature engineering, stateful processing,
and fault tolerance, making it suitable for real-time
recommendation systems. While Flink provides
scalability and reliability, integration with machine
learning pipelines requires careful system design and
resource optimization.

III1. EXISTING SYSTEM

In contemporary practice, user behavior modeling
and recommendations in the media industry rarely
employ modern methods of collaborative filtering or
content-based recommendation. User behavior
models used in the media industry largely leverage
single-dimensional data about user behavioral
histories which in turn limits their capacity to capture
the complexity and non-linearity of user behavior as
multi-dimensional behavioral data. Models also
typically do not include heterogeneous data sources
or even behaviors from social networks, eye-
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movement tracking data or signals of temporal
engagement. Existing user behavior modeling
systems also typically do not adaptingly change or
learn with users as users begin to develop new
interests and preferences over time. This limitation is
largely due to the sub-optimal focus on either long-
term behavior or short-term behavioral observations,
but rarely the combination of both. Most current user
behavior modelling, understanding, and
recommender systems do not use state-of-the-art
architectures in machine learning, particularly
emergent cross-domain learning, which affect their
ability to make recommendations and resultant
accuracies.  Additionally, with  conventional
recommendation stripes, engagement pitfalls are
ignored regarding exploration (to promote and
discover new and potentially engaging experiences),
which can lead to poor content or topic engagement
and lead to user fatigue as beforechand known
preferred content.

IV. PROPOSED SYSTEM

The new system proposes an intelligent user
modeling and recommendation framework called
MUMA, designed to accommodate the multi-
dimensional and non-linear nature of users' behaviors
in the media industry. It constructs a spatial-temporal
dual-driven user characterization model that
leverages heterogeneous sources of data including
clickstream, viewing length, social graph, and eye
movement hotspot data. MUMA utilizes a hybrid
LSTM-Transformer architecture, with a time decay
factor, to capture both short-term and long-term
users' behaviors, through a Dynamic Interest-aware
Network (DIN). In addition, MUMA employs a
cross-domain migratory learning module that is
based on a Heterogeneous Information Network
(HIN) to allow collaborative recommendations
across different types of content (e.g., news, video,
advertising). To benefit decision-making, this system
innovatively combines reinforcement learning and
causal inference into a bandit—propensity hybrid
recommendation  strategy that can balance
exploration and exploitation. At the implementation
level, MUMA features a Flink+Redis real-time
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feature engineering pipeline to support millisecond-
level feature engineering updates for thousands of
users that provide highly accurate, adaptive and
scalable recommendations.

V.SYSTEM ARCHITECTURE

The diagram illustrates a social network—based
movie recommendation system that integrates user
preferences, social relationships, and movie
attributes to generate personalized recommendations.
The architecture is divided into three main layers:
Social Network, Users, and Movies, with additional
metadata such as directors and movie categories. This
structure helps capture both individual user interests
and the influence of social connections when
recommending movies.

In the social network layer, users are connected
through relationships such as friends and family.
These connections represent social influence,
meaning that wusers may receive movie
recommendations not only based on their own ratings
but also based on the preferences of people in their
social circle. For example, if a user’s friends or
family members have rated or liked a particular
movie, that information can be used to improve the
recommendation accuracy.

The user layer consists of multiple users labeled U1,
U2, U3, and U4. Each user interacts with different
movies by providing ratings or preference scores.
The numbers shown on the arrows (such as 5, 2, 4, 1,
etc.) represent the rating values or interaction
strength between a user and a movie. Higher numbers
indicate stronger preference or higher rating for that
movie. These ratings form a user—movie interaction
matrix that is commonly used in recommendation
algorithms such as collaborative filtering or graph-
based recommendation models.

The movie layer contains movies represented as M1,
M2, and M3. Each movie node may also be
associated with additional attributes such as the
director or the movie genre (e.g., funny movies).
These attributes help enhance recommendation
quality by allowing the system to consider both user
preferences and movie characteristics. For instance,
if a user consistently watches movies directed by a

www.ijesat.com

specific director or enjoys a certain genre, the system
can recommend similar movies.

Overall, the system forms a graph
connecting social relationships, user preferences, and
movie information. By analyzing this interconnected
network, the recommendation system can identify

structure

patterns and similarities among users and movies.
This approach enables more accurate and
personalized movie recommendations, as it combines
collaborative filtering (user ratings) with social
influence and content-based features such as
directors and genres.

Movies

Social Network Users

) L

Friend

LS

Family

U4

Fig 5.1: Structure of the Proposed System

VI. IMPLEMENTATION
v 1 - @ ’
=
Fig 6.1: Content

Fig 6.2: Upload News
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Fig 6.3: Admin Dashboard

Fig 6.4: User Management
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Fig 6.5: Content Review

VII. CONCLUSION

The proposed hybrid machine learning framework
for real-time media recommendation demonstrates an
effective approach for improving recommendation
accuracy while enhancing click-through rate (CTR)
through advanced user behavior modeling. By
integrating multiple machine learning techniques, the
system is capable of capturing both historical user
preferences and dynamic interaction patterns,
allowing the recommendation engine to deliver

www.ijesat.com

personalized and context-aware media content. The
framework  effectively processes large-scale
behavioral data such as user clicks, browsing history,
and engagement signals to generate
recommendations that align closely with user
interests.

The hybrid architecture improves the robustness and
adaptability of the recommendation process by
combining complementary learning models, which
helps overcome the limitations of single-model
recommendation systems. Through intelligent
feature extraction and behavior analysis, the system
can continuously refine recommendations in real
time, thereby improving user satisfaction and
engagement. Additionally, the framework supports
scalable deployment for modern digital platforms
where rapid data processing and immediate
recommendation generation are essential.
Experimental evaluation indicates that the proposed
model contributes to noticeable improvements in
prediction accuracy and CTR performance compared
with conventional recommendation approaches. The
results highlight the importance of integrating
behavioral analytics with hybrid learning strategies to
achieve more reliable and efficient recommendation
Overall, the developed framework
provides a promising direction for building next-

outcomes.

generation media recommendation systems that can
effectively adapt to evolving user preferences and
large-scale streaming environments.

VIIIL. FUTURE SCOPE

The proposed hybrid machine learning framework
for real-time media recommendation can be further
enhanced by integrating more advanced artificial
intelligence techniques and scalable data processing
mechanisms. Future research can explore the
incorporation of deep learning architectures such as
transformers,  graph networks, and
reinforcement learning to better capture complex user

neural

interaction patterns and contextual relationships
between media items. These advanced models can
significantly improve the system’s ability to
understand user preferences and generate more

accurate and adaptive recommendations.
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Another promising direction is the integration of
multimodal data sources, including text, images,
audio, and video metadata, to enrich the
recommendation process. By analyzing diverse
forms of content and contextual signals, the system
can provide more comprehensive recommendations
that reflect both wuser behavior and media
characteristics. Additionally, incorporating sentiment
analysis and emotional context from user feedback or
comments may further refine the recommendation
accuracy.

Future developments may also focus on improving
system scalability and real-time processing using
distributed computing frameworks and edge-based
recommendation systems. This would allow the
framework to efficiently handle large volumes of
streaming data generated by modern digital
platforms.  Furthermore, enhancing privacy-
preserving mechanisms such as federated learning
and secure data sharing can ensure that user
information is protected while still enabling effective
personalization.

Finally, the framework can be extended to support
cross-platform recommendation systems where user
preferences are analyzed across multiple applications
and devices. Such improvements would contribute to
building more intelligent, adaptive, and privacy-
aware recommendation systems capable of
delivering highly personalized media experiences in

rapidly evolving digital ecosystems.
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