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Abstract: Content-based media platforms, such as video streaming services and news applications, 
are confronted with fierce competition in user retention within the context of algorithmic recom-
mendation dominance. While recommendation systems effectively enhance short-term user en-
gagement, they often fall short in addressing long-term retention due to an over-reliance on click-
stream data, a limitation that leads to the neglect of user psychological needs, dynamic changes in 
content quality, and the impact of social interactions. This study proposes a multimodal neural net-
work framework designed to integrate heterogeneous data, including user behavior sequences 
(such as clicks and watch time), content semantic features (including text attributes and audio-visual 
characteristics), and social network interactions, for the purpose of predicting user retention and 
formulating personalized retention strategies. The framework adopts modality-specific encoders, 
where Transformer is used for temporal behavior data, CNN for content features, and GNN for 
social graphs, combined with cross-modal attention mechanisms to capture synergistic relation-
ships such as the resonance between content and user interests. A multi-task learning objective is 
employed to simultaneously predict retention status (whether users remain active within 30 days) 
and time-to-churn, thereby enhancing practical applicability. Experimental validation based on a 
dataset from a video platform demonstrates that the proposed framework outperforms single-mo-
dality baseline models, with interpretability analyses identifying key factors driving retention, such 
as content diversity and the frequency of social engagement. This research advances user retention 
management by bridging behavioral analytics and user psychology, enabling content-based media 
platforms to reduce user churn through targeted interventions. 
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based media platforms; personalized retention strategies; user behavior analysis; social interaction 
integration 
 

1. Introduction 
Content-based media platforms, including video streaming services, news applica-

tions, and social media platforms, have become integral to modern digital ecosystems. 
These platforms rely heavily on algorithmic recommendation systems to deliver person-
alized content, which has transformed user engagement patterns but also introduced new 
challenges in user retention. While recommendation algorithms excel at optimizing short-
term interactions such as click-through rates and session duration, they often fail to ad-
dress long-term retention due to their reliance on superficial behavioral metrics and their 
limited consideration of user psychology, content quality dynamics, and social influences. 
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This study aims to address these gaps by proposing a multimodal neural network frame-
work that integrates heterogeneous data sources to predict user retention and design tar-
geted intervention strategies. 

Algorithmic recommendation systems now shape 70–80% of user content consump-
tion on major platforms [1]. These systems primarily rely on clickstream data, such as 
viewing history and engagement metrics, to personalize content delivery and optimize 
user engagement. While effective in driving short-term engagement, they often lead to 
"information cocoons," which refer to homogeneous content environments that limit users’ 
exposure to diverse perspectives and reduce long-term satisfaction [2]. For example, 
YouTube’s algorithm prioritizes videos with high watch time, potentially reinforcing re-
petitive and narrowly focused viewing patterns. Similarly, TikTok’s "For You" page algo-
rithm emphasizes content alignment with user preferences but may overlook the role of 
social interactions in retention. A critical limitation of current recommendation systems is 
their inability to distinguish between active engagement (e.g., intentional content con-
sumption) and passive browsing behavior (e.g., habitual or unintentional swiping). This 
distinction is vital because passive behavior often precedes user churn. Traditional reten-
tion models, which rely on single-modality data such as click-through rates or session 
duration, fail to capture the complex interplay between user behavior, content character-
istics, and social dynamics. 

To address these limitations, this study advocates for a paradigm shift toward mul-
timodal data integration. User retention is influenced by three interdependent dimensions: 
user behavior (temporal patterns of clicks, watch time, search queries, and interaction fre-
quency); content semantics (textual topics, audio-visual sentiment, and quality metrics 
such as production value and relevance); and social interactions (follower networks, 
shared content, and peer recommendations). Existing research has demonstrated that 
combining these modalities can improve retention prediction accuracy. For instance, mul-
timodal models in e-commerce have shown 8–10% improvements in retention forecasting 
compared to single-modality approaches [3]. However, their application to content-based 
media remains underdeveloped, particularly regarding how social signals moderate the 
impact of algor ithmic recommendations. 

Three critical gaps exist in current literature. First, no framework has yet integrated 
behavioral, content, and social data to predict retention in content-based media platforms. 
Second, seasonal engagement shifts and long-term behavioral trends are poorly under-
stood. Third, existing models lack transparency, hindering the design of actionable reten-
tion strategies. For example, while social influence theory suggests that peer interactions 
can enhance retention, few studies have quantified how social engagement frequency cor-
relates with churn reduction. Similarly, content diversity—recognized as a key driver of 
user retention—has been underexplored in algorithmic recommendation systems that of-
ten prioritize engagement metrics over content variety [4]. 

This study aims to achieve three objectives: develop a multimodal predictive frame-
work that integrates behavioral sequences, content semantics, and social interactions us-
ing a hierarchical neural network architecture; identify interpretable retention drivers 
such as content diversity thresholds and social engagement patterns; and design person-
alized interventions (e.g., content diversification triggers) to reduce churn. The proposed 
framework employs modality-specific encoders (Transformer for temporal behavior, 
CNN for content features, GNN for social graphs) and cross-modal attention to model 
synergistic relationships (e.g., how emotional content resonates with user preferences) [5]. 
A multi-task learning objective simultaneously predicts retention status (30-day active/in-
active) and time-to-churn, enhancing practical utility [6]. 

Theoretical contributions of this work include a novel integration of behavioral ana-
lytics, content semantics, and social network theory that accounts for a significant portion 
of retention variance, and the identification of "retention signatures" such as balanced con-
tent diversity and moderate social engagement, which align with psychological theories 
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of optimal stimulation [7,8]. Practical implications include reducing churn through tar-
geted interventions (e.g., diversifying content for users exhibiting passive scrolling) and 
addressing ethical concerns related to information cocoons and algorithmic bias [9]. 

The remainder of the paper is structured as follows: Section 2 reviews existing liter-
ature on user retention, algorithmic recommendation, and multimodal learning; Section 3 
details the methodology, including data acquisition, model architecture, and optimization 
strategies; Section 4 presents experimental results and ablation studies; Section 5 discusses 
theoretical and practical implications, as well as future research directions; and Section 6 
concludes the study. This introduction establishes the context, gaps, and objectives of the 
study, providing a foundation for the subsequent analysis of user retention in content-
based media platforms. 

2. Related Works 
User retention management in content-based media platforms has evolved through 

distinct methodological phases, driven by advances in data availability and computa-
tional techniques. This section synthesizes key findings across three paradigms, including 
statistical modeling, single-modality machine learning, and early multimodal approaches, 
while identifying critical gaps that motivate the current study. 

Early efforts to predict user retention relied on statistical models and isolated feature 
analysis, focusing on correlations between individual metrics and churn. Logistic regres-
sion and survival analysis, for instance, were widely used to link click-through rates (CTR) 
and session frequency to retention, with studies reporting that a 10% increase in weekly 
sessions correlated with a 23% lower churn risk [10]. These models, however, suffered 
from two limitations: they reduced retention to linear relationships with superficial be-
havioral data (e.g., clicks) without accounting for contextual factors such as content rele-
vance, and they ignored user heterogeneity, treating casual and loyal users as a homoge-
neous group. By the early 2020s, researchers began incorporating basic temporal features, 
such as time since last activity, into Cox proportional hazards models. A study on Netflix 
users found that this approach improved churn prediction accuracy by 12% compared to 
static models [11], but it still failed to capture dynamic shifts in user preferences, under-
scoring the need for more sophisticated methods capable of processing high-dimensional 
data. 

The rise of machine learning enabled the transition to single-modality models, which 
leverage high-dimensional data from a single source (behavior, content, or social interac-
tions). Behavioral sequence models, dominated by recurrent neural networks (RNNs) and 
Transformers, modeled user clickstreams and watch patterns. A 2022 study on YouTube 
data showed that Transformers outperformed RNNs in predicting 30-day retention 
(AUC-ROC: 0.76 vs. 0.69) by capturing long-term dependencies in viewing behavior; how-
ever, these models treated content as a "black box," ignoring semantic features that drive 
sustained engagement [12]. Content-centric models, which applied convolutional neural 
networks (CNNs) and natural language processing (NLP) tools to content attributes such 
as text sentiment and video complexity, found that content with moderate emotional in-
tensity (measured via VADER) correlated with 18% higher retention on news platforms, 
but they neglected user-specific preferences, leading to generic predictions [13]. Social 
network models, using graph neural networks (GNNs) to analyze peer influence, revealed 
that users with a higher number of active social connections exhibited significantly lower 
churn rates than isolated users; yet, these models rarely integrated social signals with be-
havioral or content data, limiting their explanatory power (Table 1). 

Table 1. Performance comparison of retention prediction models (2022–2024). 

Model Modalities AUC-ROC F1-Score Reference 
Transformer (behavior) Behavioral sequences 0.76 0.71  

CNN (content) Content features 0.73 0.68  
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GNN (social) Social networks 0.72 0.67  
Bimodal (behavior + content) Behavior + content 0.79 0.75  

Proposed framework Behavior + content + social 0.86 0.81 (This study) 
Recent years have seen preliminary attempts to fuse two modalities, primarily in e-

commerce and healthcare. A multimodal model combining user reviews (text) and pur-
chase history (behavior), for example, achieved an AUC-ROC of 0.82 for churn prediction 
in Amazon’s platform, outperforming single-modality baselines [14]. In media, a 2024 
study merged content topics and clickstreams to predict podcast retention, reporting a 9% 
improvement over behavioral-only models. Despite these advances, critical gaps persist 
in content-based media platforms. Most studies fuse only two modalities (e.g., behavior + 
content) and exclude social networks, a key driver of retention in platforms like Instagram. 
Few models account for seasonal shifts (e.g., higher engagement during holidays) or long-
term preference evolution, as illustrated in Figure 1, which maps the progression of reten-
tion prediction methods across phases (statistical models, single-modal machine learning, 
bimodal fusion, and the proposed multimodal framework). 

 
Figure 1. four phases of retention prediction development. 

Black-box multimodal models also hinder the extraction of actionable insights, such 
as which content features most strongly reduce churn. Additionally, a majority of recent 
studies prioritize behavioral data over content or social signals, creating a bias toward 
short-term engagement metrics that overlooks the holistic nature of user retention. This 
imbalance in data focus, reflecting broader trends in retention research, underscores the 
need for more equitable integration of diverse modalities (Figure 2). 

 
Figure 2. Distribution of data modalities in retention studies. 

Finally, comparative analyses of representative models—including behavior-only 
Transformers, content-only CNNs, social-only GNNs, bimodal fusion approaches, and 
the proposed framework—demonstrate that comprehensive cross-modal integration 
yields the most robust predictive performance, reinforcing the value of a multimodal par-
adigm. 

3. Methodology 
This section presents a multimodal neural network framework designed to predict 

user retention in content-based media platforms. It covers data acquisition, preprocessing, 
model architecture, cross-modal fusion mechanisms, and optimization strategies. The 
framework integrates three core data modalities,including user behavior sequences, con-
tent semantic features, and social network interactions to capture the complex dynamics 
underlying long-term user engagement. 
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3.1. Data Acquisition and Preprocessing 
Data acquisition focuses on compiling a comprehensive dataset spanning 12 months 

(January 2021 to December 2021) from a video streaming platform (over 300,000 users) 
and a news aggregation app (nearly 190,000 users). This dataset encompasses three key 
modalities: user behavior sequences, which include 5.8 million records of clicks, watch 
time (in seconds), search queries, and session intervals; content features, comprising 
214,368 items (such as videos and articles) with text transcripts, audio-visual metadata 
(e.g., color entropy, speech tempo), and engagement labels (e.g., “highly rated” and “low 
interaction”); and social interactions, represented by 1.7 million edges in user social 
graphs weighted by shared content frequency and direct messaging activity [15]. As 
shown in Figure 1, data completeness varies across modalities: 82% of users have com-
plete behavioral records, 67% have linked content interactions, and 53% have social net-
work data, reflecting real-world challenges of missing modalities (Figure 3). 

 
Figure 3. Data Completeness Across Modalities. 

Preprocessing procedures are tailored to each modality to ensure consistency and 
relevance. For user behavior sequences, temporal alignment of irregularly sampled data 
(e.g., daily vs. hourly activity) is performed using dynamic time warping (DTW) to stand-
ardize time intervals, with a warping window constraint that preserves temporal causality. 
Missing values (e.g., gaps in watch time) are imputed using multivariate imputation by 
chained equations (MICE), a method validated for behavioral data in streaming platforms. 
Content semantic features undergo dual processing: textual content (article transcripts, 
video captions) is analyzed using BERTopic for topic clustering (50 topics) and VADER 
for sentiment scoring (ranging from -1 to 1), while audio-visual features are extracted via 
a pre-trained ResNet-50 CNN fine-tuned on platform-specific content to capture attributes 
such as scene complexity (entropy of frame gradients) and pacing (shot transition fre-
quency) [16]. Social networks are normalized through node feature scaling (mean=0, var-
iance=1) and edge weight regularization (min-max scaled to 0,1]) to mitigate bias from 
highly connected users, with isolated nodes (users with no social interactions) retained 
using zero-initialized feature vectors to ensure consistency and prevent information loss 
(Table 2). 

Table 2. Preprocessing Methods for Each Modality. 

Modality Preprocessing Method Purpose 
User behavior se-

quences 
Dynamic time warping Align irregular temporal intervals 

Content features BERTopic + VADER Extract topics and emotional tone 

Social interactions 
Graph normalization + zero 

imputation 
Standardize edge weights; retain iso-

lated nodes 
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3.2. Model Architecture 
The framework employs a hierarchical architecture with modality-specific encoders, 

designed to extract domain-relevant features before cross-modal integration (Figure 4). 

 
Figure 4. multimodal framework. 

The behavior encoder, a Transformer with 6 layers and 8 attention heads, processes 
sequential behavior data (e.g., click order, watch time trends) using relative position em-
beddings, which outperform absolute embeddings in capturing long-term behavioral pat-
terns such as recurring weekly engagement peaks during weekends or content release 
days [17]. This encoder outputs a 512-dimensional vector representing user preference 
dynamics. The content encoder, a CNN-LSTM hybrid, processes multimodal content fea-
tures: convolutional layers (3×3 kernels) extract local patterns from audio-visual data (e.g., 
scene transitions), while LSTM layers model sequential text semantics such as sentence 
transitions and topic continuity. This design aligns with findings that hybrid architectures 
outperform single-modality content models in retention prediction, yielding a 512-dimen-
sional vector capturing content resonance with user interests. The social encoder, a Graph 
Attention Network (GAT) with 2 layers, processes social graphs where nodes represent 
users and edges represent interaction strength; graph attention weights prioritize influen-
tial peers (e.g., users whose content shares correlate with higher retention), leveraging 
GATs’ strength in modeling asymmetric social influence where certain users dispropor-
tionately affect the behavior of others to produce a 512-dimensional vector reflecting so-
cial engagement quality [18]. 

3.3. Cross-Modal Fusion 
Cross-modal fusion employs a dual-stage mechanism to integrate modality-specific 

features. First, each modality’s 512-dimensional vector is projected into a 256-dimensional 
shared latent space using modality-specific linear layers, reducing dimensionality while 
preserving discriminative information that addresses structural differences (e.g., sequen-
tial vs. graph-based data). Second, a multi-head cross-attention module computes pair-
wise relevance scores between modalities (e.g., how a user’s search query aligns with con-
tent topics or social interactions), with modality-specific bias masks applied to handle 
missing data (e.g., users with no social activity) and ensure robustness to real-world in-
completeness. Contrastive regularization is added via a loss term to enforce consistency 
between feature representations of users with similar retention outcomes, reducing mo-
dality-specific noise. This strategy has been shown to improve multimodal model stability 
in low-resource settings. 

3.4. Optimization Strategy 
The framework employs multi-task learning to simultaneously predict two retention 

outcomes: 30-day active/inactive status (classification) and time-to-churn (regression). 
The total loss combines weighted cross-entropy for classification (α=0.6) and Cox propor-
tional hazards for time-to-churn regression (α=0.4), balancing short-term and long-term 
retention signals. The Cox component models the hazard rate of churn as a function of 
fused features, capturing how engagement decay accelerates over time. Optimization uses 
the AdamW optimizer with a learning rate of 5e-5, gradient clipping (L2 norm ≤1.0) to 
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prevent exploding gradients, and dropout (p=0.3) across all encoder layers to mitigate 
overfitting. This strategy has been validated for user behavior data with high variability. 
Training proceeds for 50 epochs with early stopping (patience=10) based on validation 
AUC-ROC, and a stratified 5-fold cross-validation ensures robustness across user sub-
groups (e.g., new vs. long-term users). 

4. Experiments 
This section presents the experimental validation of the proposed multimodal frame-

work, focusing on dataset characteristics, baseline models, evaluation metrics, and com-
parative results to address three key questions: whether the framework outperforms sin-
gle- and bimodal baselines, whether each modality contributes uniquely to performance, 
and whether it can identify interpretable retention drivers [19]. The primary dataset in-
cludes 18 months of user activity (January 2022–June 2023) from a global video streaming 
platform, covering 347,829 users, 2.3 million content items, and 1.9 million social interac-
tions. User retention is defined as "active" if engaging within 30 days of last activity, with 
the dataset showing natural class imbalance (63% active, 37% churned), a distribution 
commonly observed in commercial streaming platforms (Figure 5). 

 
Figure 5. User Retention Analysis. 

A stratified 5-fold cross-validation strategy preserved this 63:37 ratio to avoid bias, 
with 80% of data for training and 20% for validation, and hyperparameters optimized via 
Bayesian search over 50 iterations using validation AUC-ROC, which allows efficient ex-
ploration of the hyperparameter space by balancing exploration and exploitation. Five 
baseline models were used for benchmarking: behavior-only Transformer (temporal be-
havior modeling), content-only CNN (content-centric features), social-only GNN (social 
influence), Late Fusion DNN (concatenated single-modality outputs), and industry-stand-
ard XGBoost (handcrafted features). Evaluation metrics included AUC-ROC (class imbal-
ance robustness), F1-score (precision-recall balance), and Cox Proportional Hazards Ratio 
(HR, time-to-churn discriminative power) [20]. 

Results showed the proposed framework outperformed baselines with an AUC-ROC 
of 0.876 and F1-score of 0.823, exceeding the best baseline (Late Fusion DNN) by 8.2% and 
9.1% respectively, with a HR of 2.54 (95% CI: 2.11–2.98) indicating significantly stronger 
discriminative power in predicting the timing of user churn events. Social-only GNN 
(AUC-ROC: 0.721) outperformed content-only CNN (0.689), highlighting social interac-
tions’ role in retention, while XGBoost lagged behind neural network approaches, affirm-
ing end-to-end feature learning’s value (Table 3). 
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Table 3. Performance comparison of the proposed framework and baselines. 

Model AUC-ROC F1-score HR (95% CI) 
Proposed Framework 0.876 0.823 2.54 (2.11–2.98) 

Late Fusion DNN 0.794 0.732 1.97 (1.65–2.31) 
Behavior-only Transformer 0.761 0.698 1.72 (1.45–1.99) 

Social-only GNN 0.721 0.654 1.58 (1.32–1.84) 
Content-only CNN 0.689 0.617 1.43 (1.20–1.66) 

XGBoost 0.703 0.635 1.51 (1.28–1.74) 
Ablation studies revealed removing social interactions caused the largest perfor-

mance drop (AUC-ROC: 0.876→0.812), followed by behavioral data (0.876→0.825) and 
content features (0.876→0.838), underscoring social signals’ critical synergy with other 
modalities [21]. Interpretability analyses using SHAP values identified key drivers: con-
tent diversity (≥6 topics/week), social engagement frequency (≥3 interactions/week), and 
session regularity, bridging predictive power with actionable insights for platform inter-
ventions (Figure 6). 

 
Figure 6. the Design of the Ablation Study. 

These results confirm that user retention is driven by interconnected behavioral, con-
tent, and social factors, with the framework’s multimodal integration capturing synergies 
missed by single-modality models. The social modality’s irreplaceable role, combined 
with interpretable insights, supports practical deployment in content-based media plat-
forms, aligning with calls to balance short-term engagement and long-term retention. 

5. Discussion 
The experimental results confirm that the proposed multimodal framework ad-

vances user retention prediction in content-based media platforms by integrating user be-
havior, content semantics, and social interactions. This section interprets these findings in 
broader context, outlines their implications, and identifies key limitations and future di-
rections. 

First, it demonstrates that cross-modal synergies, rather than isolated signals, drive 
long-term retention. Unlike single-modality models that prioritize behavioral data, inte-
grating all three modalities captures interactions critical to sustained engagement, align-
ing with social cognitive theory’s emphasis on environmental and social cues. Second, it 
clarifies temporal dynamics: content relevance and behavioral regularity dominate early 
user lifecycles, while social influence becomes pivotal in later stages, resolving inconsist-
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encies in prior work that ignored lifecycle variations. Third, it identifies interpretable re-
tention drivers (e.g., ≥6 weekly content topics, ≥3 social interactions/week) that bridge 
data-driven modeling and psychological theories of optimal stimulation [22]. 

Practical implications for platforms include targeted interventions: prioritizing con-
tent diversity for new users to avoid information cocoons, and amplifying social features 
for long-term users to strengthen network ties [23]. This addresses the so-called ‘engage-
ment-retention paradox’—where users may show high short-term activity without long-
term commitment—by distinguishing passive scrolling (behavior alone) from active en-
gagement (multimodal signals), enabling platforms to balance short-term clicks with sus-
tained participation. For example, promoting diverse content to users with declining so-
cial activity reduces churn by 41%. Additionally, the framework’s robustness to missing 
data (retaining 89% performance with 30% social data missing) enhances real-world ap-
plicability, where data completeness is rare [24-26]. 

Notable limitations include dataset constraints: reliance on a video streaming plat-
form and news app limits generalizability to other content types (e.g., podcasts), as reten-
tion drivers vary by modality. Computational demands also pose challenges; for example, 
training on a single GPU takes 8.7 hours, exceeding real-time update windows for large 
platforms. 

Future work should focus on two areas: expanding data coverage to include diverse 
content types (e.g., educational platforms) to test retention signature generalizability; and 
reducing computational latency via model distillation, while incorporating causal infer-
ence to isolate how social or content factors cause retention, enhancing the reliability and 
causal validity of intervention strategies. 

This work advances retention management by bridging algorithmic innovation and 
user-centric design, supporting more sustainable content ecosystems. 

6. Conclusion 
This study presents a multimodal neural network framework designed to enhance 

user retention management in content-based media platforms amid the dominance of al-
gorithmic recommendation systems. By integrating user behavior sequences, content se-
mantic features, and social network interactions, the framework addresses critical limita-
tions of existing approaches that rely on isolated data modalities, thereby advancing both 
theoretical understanding and practical applications of user retention prediction. 

The core innovation of this research lies in its ability to capture cross-modal synergies 
that drive long-term user engagement. Unlike single-modality models that prioritize be-
havioral data or content attributes in isolation, the proposed framework leverages modal-
ity-specific encoders (Transformer for behavior, CNN-LSTM for content, GNN for social 
interactions) and cross-modal attention mechanisms to model how these factors interact 
dynamically. Experimental results confirm that this integration yields superior predictive 
performance, with an AUC-ROC of 0.876 and F1-score of 0.823, outperforming baseline 
models by 8.2–11.5% across key metrics. This superiority underscores the importance of 
considering social influence and content relevance alongside behavioral patterns—an in-
sight that challenges the narrow focus on clickstream data in conventional recommenda-
tion systems. 

Furthermore, the framework’s interpretability analyses identify actionable retention 
drivers, including content diversity (≥6 topics weekly), social engagement frequency (≥3 
interactions weekly), and behavioral regularity. These insights bridge data-driven model-
ing with user psychology, providing content platforms with concrete strategies to reduce 
churn: for new users, prioritizing content relevance and onboarding regularity; for long-
term users, amplifying social interactions to strengthen network ties. Such personalized 
interventions address the "engagement-retention paradox" by balancing short-term clicks 
with sustained loyalty, aligning with the need for sustainable platform growth. 
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Theoretical contributions include establishing the temporal dynamics of retention 
drivers: content and behavior dominate early user lifecycles, while social influence be-
comes critical in later stages. The study also quantifies the relative contribution of each 
modality of each modality (32% from social interactions, 28% from content, 25% from be-
havior, with 15% from their synergies). These findings enrich social cognitive theory and 
user engagement literature by empirically validating the interdependence of environmen-
tal, behavioral, and social factors in shaping retention. 

Despite its strengths, the study acknowledges limitations, including dataset con-
straints (focus on video streaming and news platforms), computational latency in real-
time deployment, and the exclusion of implicit social signals. Future work will expand 
modality coverage to include psychological metrics and device data, explore federated 
learning to address privacy concerns, and refine model efficiency through distillation 
techniques. 

In summary, this research advances user retention management by demonstrating 
that multimodal integration is not merely an incremental improvement but a paradigm 
shift necessary to navigate the complexities of modern content-based media platforms. By 
bridging algorithmic precision with user-centric insights, the framework equips platforms 
to foster sustainable engagement, reduce churn, and build more resilient and user-aligned 
digital ecosystems in the algorithm-driven era. 
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