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Abstract: Against the backdrop of increasingly fierce competition in the streaming media field, how to prevent customer churn
has become a severe test faced by major operating platforms. The use of artificial intelligence technology, especially in-depth
mining and analysis of customer behavior data, provides solid support for predicting and responding to customer churn. This
article aims to study how to use Al technology to accurately identify potential customer groups that may be lost and develop
targeted management strategies from the perspectives of machine learning, deep learning, natural language processing, and data
mining. The article also proposes practical measures to address challenges such as data quality, model interpretability, and
changes in customer behavior, with the aim of enhancing customer loyalty and promoting the refinement and efficiency of churn

management.

Keywords: Al driven; Customer churn prediction; Streaming media management; Machine learning; Personalized

intervention

1. Introduction

With the increasingly fierce competition in the streaming
media field, the massive loss of customers has become a key
obstacle to the stable growth of major platforms. With the
help of artificial intelligence technology, predicting and
analyzing customer churn can not only accurately locate
potential customer groups, but also develop exclusive
services for different customers to enhance customer loyalty.
Al has established efficient prediction algorithms by mining
customers' historical activity records, content preferences,
and other information, providing technical support for
implementing effective customer retention strategies. This
article aims to analyze the specific application of artificial
intelligence in predicting customer churn in streaming media,
and propose targeted management solutions to address
multiple challenges such as data quality, model flexibility, and
changes in customer behavior, in order to promote the long-
term development of the streaming media industry.

2. Overview of Al Technology
Fundamentals

The streaming media service platform utilizes artificial
intelligence technologies such as intelligent algorithms, deep
learning, natural language processing, and data analysis to
improve data processing efficiency, prediction accuracy, and
the implementation of customized content recommendations.
Further refinement, artificial intelligence technology can
reveal hidden customer behavior patterns through in-depth
analysis of a large amount of customer information, and make
advance judgments on the possibility of customers canceling
subscriptions.

The key technology in the field of Al - machine learning,
by analyzing customer past activity information, creates
predictive models to help online media services discover
potential customers who may withdraw. For example,
classification strategies using supervised learning methods
such as decision trees, random forests, support vector
machines, etc. can accurately predict which customers are

likely to be lost in the future based on training samples.
Artificial intelligence algorithms, such as deep neural
networks, have significantly improved the accuracy of
predictions by simulating complex nonlinear correlations
through a multi-level network architecture, thereby more
accurately grasping the characteristics of customer churn. At
the same time, data mining methods help platforms extract
key information from massive datasets, providing important
data support for predicting and analyzing customer churn.
The following Table 1 shows the relevant data statistics of the
application of artificial intelligence technology in the field of

streaming media customer churn prediction.

Table 1: Application of Al Technology in Predicting
Customer Loss in Streaming Media
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3. The problem of Al driven customer
churn prediction

3.1. Data Quality and Data Integration

In the analysis of customer churn in streaming media
services, the accuracy of information and the efficiency of
integration are the core factors that determine the
effectiveness and efficiency of artificial intelligence
algorithms. Streaming media service providers often face the
challenge of diversified information sources, involving
multiple dimensions such as customer viewing history,
personalized preferences, social interaction information, and
device usage data. Unfortunately, this information often faces
challenges such as inconsistent formats, missing data, and
noise interference, which directly affect the accuracy of
artificial intelligence algorithms in customer behavior
analysis and prediction. Poor data quality will weaken the
training effectiveness of the model, thereby affecting the
accuracy of customer churn prediction. Data from different
sources may be scattered and stored in different systems,
lacking a unified data integration process, making the
information fusion process more cumbersome. In addition,
cross platform information integration also needs to consider
privacy protection and data security policies, which
undoubtedly increases the difficulty of integration. Improper
integration of data will hinder the model from fully capturing
customer behavior characteristics, thereby affecting the
accuracy of prediction results and the formulation of
management strategies. In addition, the behavior patterns of
streaming media customers are constantly changing. If data
updates fail to keep up with the pace, it will lead to delays in
model predictions, making it difficult to respond to the risk of
customer churn in a timely and accurate manner. Therefore,
efficiently addressing data quality and integration issues is the
key to using artificial intelligence for customer churn
prediction.

3.2. Explanatory nature of the model

In the practice of customer churn warning based on
artificial intelligence in streaming media services, the
interpretability of models has gradually become a key
challenge. The widely used prediction algorithms, especially
deep learning techniques such as neural networks and
convolutional neural networks (CNN), have achieved good
accuracy in warning user churn. However, their inherent
complex structure and mysterious nature make the decision-
making process lack transparency and intuitiveness. This
difficult to explain characteristic has caused various
inconveniences in practical operation, especially when users
and business departments need to establish confidence and
verify the predicted results of the model. When the model
cannot clearly explain the reasons why certain users are
judged to be at risk of churn, streaming media companies will
encounter directional and operational difficulties when
formulating response strategies, which may weaken the
persuasiveness of the predicted results. Enterprises and
management may be skeptical of such complex models,
especially when their predictions contradict their empirical
judgments, which can further interfere with the
implementation of Al based decision-making and
management. In addition, due to the lack of interpretability,
such models are also inadequate in dealing with data bias and
ethical issues, making it difficult to ensure the fairness and
transparency of the prediction system.

3.3. Feature selection and model overfitting

Streaming media services often collect rich information
about user behavior, such as viewing duration, preference
categories, device usage habits, and other diverse information.
But not all of this information is crucial in predicting user
churn. Excessive or irrelevant information can make the
model complex, affecting training speed and prediction
accuracy, and may also lead to overfitting problems, thereby
affecting the effectiveness of the model in practical
applications.

In the field of customer churn prediction, model overfitting
is a common problem, especially when applying advanced
algorithms such as deep learning. Overfitting can make the
model perform very well on training data, but when faced
with new data, its predictive ability is greatly reduced, making
it difficult to accurately capture customers who are about to
be lost. This situation arises because the model overly relies
on individual patterns in the training data, while ignoring
overall trends and universal patterns. Moreover, user behavior
characteristics may frequently change, and overfitting models
may struggle to keep up with these changes, making the
results of churn prediction unstable.

3.4. Dynamically changing customer behavior
patterns

The content acceptance habits, preferences, and browsing
dynamics of consumers are often constrained by factors such
as changing time periods, popular trends, platform content
updates, and external environments. This continuous change
causes significant fluctuations in the characteristics of
consumer behavior data over time, making it difficult for
traditional fixed models to accurately capture these changes,
thereby affecting the accuracy of prediction results. Given the
diversity and variability of consumer behavior, intelligent
prediction algorithms for streaming media platforms must
have strong adjustment capabilities to refresh data in real-time
and adjust model parameters. However, a large number of
algorithm models cannot quickly change their architecture to
adapt to changes in consumer behavior patterns, which may
result in delayed or biased prediction results. In addition,
consumer behavior patterns may exhibit different short-term
and long-term trend characteristics, which poses a more
severe challenge to prediction algorithms, requiring them to
find a balance between short-term and long-term predictions
to enhance the robustness and generalization performance of
the model. Faced with the continuous evolution of consumer
behavior patterns, how to construct highly flexible and
adaptable predictive algorithms has become a key issue for
streaming media platforms in customer churn management.

4. Customer churn management
strategy for streaming media
platforms

4.1. Data Quality Improvement and Data
Fusion

In streaming media services, the initial step in managing
customer churn is to optimize and improve data quality, as
well as achieve data integration. In order to ensure the
accuracy of data entry, service providers must carry out a
series of data purification processes, including deleting
duplicate information, filling in blank data, and handling
unreasonable data points. For example, if a user's viewing



duration data is sometimes missing, they can refer to the
behavior records of other similar users and take the average
to complete the missing data, or use interpolation techniques
to estimate the missing data segments. For those unreasonable
data (such as abnormally long viewing times), they may be
caused by system failures or unconventional user behavior. In
this case, specific standards can be set to screen out these
abnormal data, thereby reducing their impact on prediction
algorithms.

In the field of data fusion, streaming media service
platforms often need to integrate user information from
various sources, including but not limited to users' viewing
history in applications, interaction data on social media, and
usage data of various hardware devices. In order to unify and
standardize the management and processing of this
information, service providers must create a complete data
architecture and use efficient data fusion technology to ensure
that information from different sources can match and remain
consistent with each other. In practical operation, a user
engagement rating system can be created, which evaluates
user activity by integrating user viewing frequency (variable

F ) and social media interaction frequency (variable I ). The
calculation formula is as follows:

E =aF + Bl (1)

Among them, Q and B Representing different weight
coefficients, carefully adjusted based on platform strategy and
specific attributes of customer data. For example, platforms
may focus on considering users' viewing time (Assign a
higher weight of a )In order to more accurately infer the
likelihood of its retention or loss. This data fusion method
allows the platform to comprehensively analyze user behavior
patterns, thereby improving the accuracy of predicting
customer churn risks.

4.2. Introducing explainable AI models to
enhance trust

In the customer churn strategy of streaming media service
providers, adopting easily understandable Al algorithm
technology can effectively enhance the reliability and
transparency of prediction results. Compared to those "black
box" algorithms, Al models with high transparency allow
management and business teams to gain insights and explain
the reasons for the formation of predictive results, making the
process of predicting customer churn and taking intervention
measures more accurate. For example, when using decision
tree algorithm for customer churn risk assessment, each
branch clearly reveals how data attributes influence the
decision-making process, such as how changes in key
indicators such as customer viewing time and interaction
frequency trigger the assessment of churn risk. This intuitive
display and in-depth explanation provide managers with clear
decision support, helping them implement customer retention
strategies more purposefully.

At the specific application level, the platform will adopt an
algorithm model that comprehensively analyzes customer
viewing time fluctuations, interaction frequency fluctuations,
and content type diversity. The model formula can be
expressed as:

P(turnover rate) = o (,; W+,,14+,3C +b)  (2)

Among them, 4 1\ y2 7 3 The weights of each feature

are respectively, b For the bias term, O To activate the
function. Based on the evaluation of weight values, the
system can accurately identify the key factors that lead to
customer churn. If the weight of viewing time significantly
exceeds other indicators, it indicates that this indicator plays
a key role in predicting customer churn. Based on this, the
management can implement customized recommendation
plans or launch exclusive discounts for users whose viewing
time has significantly decreased, thereby increasing user
activity and sustained usage.

The interpretability of this model enables streaming service
providers to adapt to fluctuations in customer behavior
patterns and flexibly adjust their strategies. With clear feature
analysis and clear prediction criteria, the operations team can
quickly respond to changes in customer needs and behavior,
significantly enhancing the accuracy and operational
efficiency of customer churn management.

4.3. Dynamic Adjustment and Adaptive
Prediction Model

Faced with the dilemma of rapid changes in user behavior
and rising user churn rates, streaming media service platforms
are committed to adopting predictive algorithms constructed
with adaptive learning algorithms to keep up with real-time
changes in user viewing preferences. In recent times, the
platform has detected that some user groups who were
originally enthusiastic about suspense dramas have
unexpectedly reduced their attention to such dramas and
instead invested more in light hearted and humorous comedy
categories. Due to the inability of traditional fixed
recommendation systems to quickly adapt to the transfer of
user preferences, the result is that the recommended content
is disconnected from the user's latest interests, thereby
increasing the possibility of user churn.

The platform has carefully crafted a high-precision
customer prediction and content push system, which relies on
dynamic data streams to continuously track users' viewing
trends, interactive rhythms, and content updates. With the
help of deep learning and intelligent adjustment technology,
the system can keenly capture subtle adjustments in user
behavior and optimize recommendation plans in real time.
For example, once the system detects that the user's interest
has shifted from suspense dramas to light comedy, it will
automatically adjust the recommended content and prioritize
pushing programs that meet the user's preferences. In this way,
the platform not only meets users' needs for content, but also
greatly enhances users' loyalty.

In the specific application process, the adaptive algorithm
is integrated into the server system to achieve daily parameter
optimization of the latest customer data. The system conducts
in-depth mining on the behavior logs, interaction frequency,
evaluation information, and other data of each user, aiming to
predict the future behavior direction of the user. Through
experimental verification, this flexible strategy effectively
reduced the customer churn rate, successfully reducing the
number of potential churn customers by 20% in a one month
test. In addition, data from A/B testing also shows that the
recommendation algorithm, which has been adaptively
adjusted, has significantly increased the average user activity
and viewing time compared to traditional algorithms. This
strategy highlights the important role of adaptive prediction
algorithms in managing customer churn in streaming media.



4.4, Personalized customer churn intervention

In the user churn strategy of streaming media services,
implementing customized intervention measures can
significantly enhance user retention. By carefully mining user
viewing data, preferences, and interaction behaviors,
enterprises can create strategies that meet user needs to attract
and retain groups at risk of churn, thereby increasing user
stickiness. If the platform detects a significant decrease in the
viewing activity of a certain group of users, it may indicate
that they have lost interest in the current content. At this time,
the platform will customize personalized content
recommendations based on users' viewing records and
interest models. For example, the platform has noticed that
this group of users have frequently watched specific types of
movies (such as science fiction movies), but have rarely
delved into related content recently. In order to reignite their
interest, the platform will specifically recommend the latest
sci-fi blockbusters to these users and organize various
promotional activities, such as providing free movie watching
experiences or inviting them to join unique online
communication groups.

During this period, the platform closely monitors users'
operational habits and interactive behaviors. For users who
were once active in the discussion area but have recently
disappeared from the interaction, the platform will send
customized invitations to encourage them to rejoin the
community discussion or share their opinions, and may
introduce some incentive policies, such as customized badges
or priority experience qualifications, to enhance users' sense
of prestige and recognition. This intervention method is not
only applicable to content push and marketing activities, but
also to the customer service field. For users whose activity is
reduced due to technical malfunctions or poor user experience,
the platform will assign customer service personnel to
proactively contact and provide exclusive problem solutions
or user guidance. This meticulous service often allows users
to feel the care of the platform, thereby enhancing their
loyalty and satisfaction.

Adopting personalized intervention measures, the system
quickly responds to user demands, maintains user enthusiasm
and trust in services, and significantly reduces the possibility
of customer churn. The core element of personalized
intervention is to deeply understand the differences in user
personalization and behavior, provide exclusive services that
exceed expectations, and enable customers to deeply
experience the care and value of the platform.

5. Epilogue

With the increasingly fierce competition in the streaming

media field, the massive loss of customers has become a
major challenge that major platforms must address. By
utilizing artificial intelligence technology to predict and
manage customer churn, the platform can more accurately
identify potential churn groups and adopt personalized and
flexible management strategies to enhance user loyalty. This
study analyzed the practical operation of using machine
learning, deep learning, and data mining techniques for
customer churn prediction, and discussed how to address a
series of challenges such as data quality, model
interpretability, and changes in user behavior. Practical
operation has shown that artificial intelligence plays an
important role in improving the accuracy and adaptability of
customer management, helping streaming media platforms
maintain their competitive advantage in a fiercely competitive
market environment. In the future, with the continuous
improvement of Al algorithms and the abundance of big data
resources, streaming media platforms will be able to gain
deeper insights into user needs, develop more accurate and
efficient user management plans, and provide solid support
for the sustained growth of the industry.

Reference

[1] Xu, Qing, Yu, Bing, Zhou, Peimin, et al. "Research on the
Construction of Interpretable Prediction Model for Lower
Limb Deep Venous Thrombosis in Patients Undergoing Total
Hip Arthroplasty Based on Machine Learning and SHAP."
China Hospital Statistics 13.1 (2024): 31.

[2] Wang, Wenjuan. "Design of Health Assessment and
Intervention System Based on Artificial Intelligence and
Machine Learning." Electronic Technology 2023 (9): 356-357.

[31 Wu, Linjing, Ma, Xingian, Liu, Qingtang, et al. "Big data
supported MOOC forum teacher intervention prediction and
application.” Research on Electronic Education 42.7 (2021): 7.

[4] Zhou, Jianliang, Hu, Feixiang, Xing, Yandong, et al.
"ldentification of unsafe behaviors among construction
workers based on personality traits and machine learning
classification algorithms."  Science, Technology and
Engineering 22.29 (2022): 13013-13020.

[5] Liu, Haihong, Zhang, Xiaolei, Xue, Ru, et al. "Analysis of
influencing factors on cognitive function status of elderly
people with subjective cognitive decline based on machine
learning.” Journal of Nursing 30.23 (2023): 57-62.

[6] Zhu, Xiaoshe. "Research on a machine learning based
comprehensive evaluation of physical fitness testing for college
students and intelligent recommendation method for exercise
intervention prescriptions." Journal of Guangzhou City
Vocational College 17.3 (2023): 96-100.



