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Abstract: This paper presents a novel real-time detection framework for high-risk content on short 
video platforms based on heterogeneous feature fusion. Social media platforms continuously face 
challenges in identifying harmful content across multimodal data streams including video, audio, 
and text. We propose an adaptive fusion architecture that dynamically integrates features from mul-
tiple modalities, coupled with efficient processing mechanisms to enable real-time operation. The 
framework implements a three-stage fusion process with cross-modal attention mechanisms to em-
phasize discriminative features across modalities. Experimental evaluation using a dataset of 25,000 
video samples across five risk categories demonstrates that our approach achieves 95.3% accuracy, 
94.8% precision, and 94.2% recall, outperforming state-of-the-art baselines by 4.8% on average. The 
system maintains an average processing latency of 46ms per content item through adaptive caching 
and pipeline processing techniques. Ablation studies reveal that cross-modal attention and adaptive 
fusion components contribute most significantly to performance improvements. Feature im-
portance analysis identifies semantic content from text, speech content from audio, and motion pat-
terns from video as the most discriminative features for high-risk content detection. The framework 
demonstrates strong generalization capability with 91.7% accuracy on out-of-distribution samples, 
providing valuable insights for implementing large-scale content moderation systems. 

Keywords: high-risk content detection; heterogeneous feature fusion; real-time content moderation; 
multimodal analysis 
 

1. Introduction 
1.1. Background and Challenges of High-Risk Content on Short Video Platforms 

Short video platforms have experienced unprecedented growth in recent years, rev-
olutionizing content creation and consumption patterns globally. The proliferation of 
user-generated content on these platforms has introduced significant challenges related 
to the identification and management of high-risk content [1]. High-risk content encom-
passes misinformation, harmful material, and various forms of content that violate plat-
form policies or threaten social stability. The sheer volume and velocity of content uploads 
demand sophisticated detection mechanisms that can operate in real-time while maintain-
ing high accuracy levels [2]. Short video platforms process millions of uploads daily, with 
content spanning multiple modalities including visual, audio, and textual components. 
This multimodal nature of content significantly increases the complexity of detection sys-
tems [3]. The detection challenge is further compounded by the varying definitions of 
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high-risk content across different jurisdictions and cultural contexts, necessitating flexible 
and adaptive approaches to content moderation [4]. 

1.2. Limitations of Current Detection Methods 
Traditional content moderation systems rely heavily on single-modal analysis, pri-

marily focusing on text or image recognition independently [5]. This approach fails to 
capture the complex interrelationships between different content modalities, leading to 
reduced detection accuracy for sophisticated high-risk content. Current methods also 
struggle with computational efficiency when processing high volumes of multimedia con-
tent in real-time, creating bottlenecks in moderation pipelines [6]. Many existing frame-
works employ rigid detection models that lack adaptability to emerging content patterns 
and evolving risk categories [7]. The performance degradation is particularly evident 
when dealing with ambiguous content that requires nuanced interpretation across multi-
ple modalities. Additionally, most systems operate with limited contextual awareness, ex-
amining content in isolation rather than considering user history, network relationships, 
or temporal patterns that might indicate coordinated inauthentic behavior [8]. The ab-
sence of standardized benchmarks for high-risk content detection further complicates the 
evaluation and comparison of different approaches [9]. 

1.3. Research Objectives and Contributions 
This research proposes a novel real-time detection framework for high-risk content 

on short video platforms based on heterogeneous feature fusion. The framework ad-
dresses the identified limitations by integrating advanced multimodal analysis techniques 
with efficient processing architectures. The primary objective is to develop a system capa-
ble of identifying high-risk content across visual, audio, and textual modalities with high 
accuracy while maintaining real-time performance [10]. The proposed framework incor-
porates adaptive caching mechanisms and pipeline processing to optimize computational 
resource utilization, enabling effective moderation of high-volume content streams. A key 
contribution is the development of a heterogeneous feature fusion approach that dynam-
ically weights and combines features from different modalities based on content charac-
teristics and risk categories. The research also establishes comprehensive evaluation met-
rics and benchmarks for assessing the performance of high-risk content detection systems 
on short video platforms. The practical implementation of the framework demonstrates 
significant improvements in detection accuracy and processing efficiency compared to 
existing approaches. This work contributes to the broader field of content moderation by 
advancing the understanding of multimodal content analysis and establishing new meth-
odologies for real-time risk assessment in digital platforms. 

2. Literature Review 
2.1. Social Media Content Moderation and Risk Detection 

Social media platforms have implemented various approaches to content moderation 
and risk detection in recent years. Zhao et al. investigated the attitudes and usage patterns 
of educational content moderation systems, highlighting the importance of adapting de-
tection frameworks to specific domain contexts [11]. Their study revealed that customized 
risk assessment models significantly outperform generic solutions when evaluating po-
tentially harmful educational material. The application of privacy-preserving techniques 
in content moderation has gained substantial attention, as demonstrated by Zhang et al., 
who developed feature extraction methods for sensitive images based on fully homomor-
phic encryption [12]. Their approach achieved 94% detection accuracy while maintaining 
data confidentiality, addressing critical privacy concerns in content moderation systems. 
Zhang et al. extended this concept to healthcare data analysis, proposing a federated 
learning framework that enables collaborative model training without exposing raw data 
[13]. The distributed nature of their system presents valuable insights for social media 
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platforms seeking to implement cross-platform content moderation while respecting data 
sovereignty requirements. Anomaly detection techniques have been effectively applied to 
identify suspicious behavior patterns, as shown by Xiao et al., who utilized LSTM-Atten-
tion mechanisms to detect irregular payment activities with high precision [14]. 

2.2. Multimodal Feature Extraction and Fusion Techniques 
Multimodal feature extraction and fusion represent critical components in compre-

hensive content analysis systems. Xiao et al. proposed a differential privacy mechanism 
for preventing data leakage in large-scale multimodal datasets, emphasizing the im-
portance of secure feature extraction in content analysis systems [15]. Their approach in-
corporated noise addition techniques that preserved analytical utility while providing 
theoretical privacy guarantees for sensitive multimodal features. Chen et al. developed a 
low-complexity joint angle estimation algorithm that demonstrates the value of optimized 
computational approaches in multimodal processing pipelines [16]. Their modified ES-
PRIT method achieved 30% reduction in computational complexity while maintaining 
high accuracy, suggesting potential applications in efficient feature extraction from video 
content. Xu and Purkayastha integrated artificial intelligence with traditional financial 
models for comprehensive risk assessment, introducing novel feature fusion techniques 
that combined structured and unstructured data [17]. The attention mechanisms em-
ployed by Xu and Purkayastha in their BiLSTM model demonstrate effective ways to pri-
oritize relevant features in multimodal contexts, achieving 87% accuracy in predicting 
market anomalies by appropriately weighting textual and numerical features [18]. 

2.3. Real-Time Processing Systems for Content Analysis 
Real-time processing capabilities represent a fundamental requirement for effective 

content moderation on high-volume platforms. Shu et al. explored automated risk factor 
extraction from unstructured documents, developing a pipeline-based NLP approach that 
reduced processing latency by 40% compared to batch processing methods [19]. Their sys-
tem incorporated incremental processing techniques that enabled continuous analysis of 
document streams without sacrificing detection accuracy. The multi-signal integration ap-
proach proposed by Shu et al. for financial market anomaly detection demonstrates the 
effectiveness of parallel processing architectures in real-time analysis systems [20]. Their 
framework processed heterogeneous data streams concurrently, achieving sub-second de-
tection latencies for complex anomaly patterns through optimized resource allocation and 
load balancing techniques. Their implementation of adaptive caching mechanisms signif-
icantly reduced computational redundancy when processing similar content types, 
providing valuable insights for short video platforms dealing with trending content vari-
ants. The integration of these processing optimizations with advanced detection algo-
rithms establishes a foundation for efficient real-time content moderation systems capable 
of scaling to the demands of modern social media platforms. 

3. Methodology 
3.1. Heterogeneous Feature Fusion Framework Architecture 

The proposed framework architecture for heterogeneous feature fusion comprises 
multiple interconnected components designed to process multimodal content efficiently. 
Liu et al. proposed a semantic network analysis approach for extracting early risk warning 
signals, which inspired our multi-layer fusion architecture [21]. Building upon this foun-
dation, our framework implements a three-stage fusion process: early fusion at the feature 
extraction level, intermediate fusion at the representation level, and late fusion at the de-
cision level. Table 1 presents the comparison of different fusion strategies evaluated dur-
ing the framework design. 
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Table 1. Comparison of Feature Fusion Strategies. 

Fusion Strategy 
Modality 

Independence 
Computational 

Complexity 
Accuracy 

(%) 
Latency 

(ms) 
Early Fusion Low Medium 88.7 42 

Intermediate Fusion Medium High 92.3 58 
Late Fusion High Low 85.6 31 

Hybrid Fusion (Proposed) Adaptive Medium 94.2 46 
Our hybrid fusion strategy dynamically adjusts the fusion point based on content 

characteristics and computational resources, achieving superior accuracy while maintain-
ing acceptable latency. Zhang et al. demonstrated the effectiveness of deep learning-based 
sentiment analysis in cryptocurrency markets, which guided our implementation of cross-
modal attention mechanisms in the fusion process [22]. The attention weights are learned 
during training to emphasize the most discriminative features across modalities. 

Figure 1 illustrates the overall architecture of our heterogeneous feature fusion 
framework. The diagram shows a complex network of interconnected components orga-
nized in layers. The bottom layer contains separate processing paths for video, audio, and 
text inputs. These paths converge in the middle layer through cross-modal attention 
blocks that establish connections between features from different modalities. The top layer 
includes the fusion module that combines representations using both static and dynamic 
weighting mechanisms. The architecture also incorporates feedback loops that adjust the 
fusion parameters based on detection performance metrics. 

 
Figure 1. Heterogeneous Feature Fusion Framework Architecture. 

Zhou et al. addressed cultural bias mitigation in vision-language models, which in-
formed our approach to fairness-aware feature fusion [23]. Table 2 presents the perfor-
mance metrics of our framework across different demographic groups, demonstrating the 
effectiveness of our bias mitigation techniques. 

Table 2. Detection Performance Across Demographic Groups. 

Demographic Group Precision (%) Recall (%) F1 Score (%) Bias Index 
Group A 92.8 91.5 92.1 0.02 
Group B 93.1 90.8 92.0 0.03 
Group C 92.5 91.1 91.8 0.04 
Group D 93.0 90.9 91.9 0.03 
Average 92.9 91.1 92.0 0.03 
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3.2. Multimodal Feature Extraction from Video, Audio, and Text 
The multimodal feature extraction module processes video, audio, and text compo-

nents simultaneously to capture comprehensive content representations. Ren et al. devel-
oped a graph convolutional neural network for Trojan virus detection, which inspired our 
approach to identifying visual patterns in potentially harmful content [24]. Our video fea-
ture extraction pipeline employs a two-stream architecture with a spatial stream for 
frame-level analysis and a temporal stream for motion analysis. Table 3 details the config-
uration of our video feature extraction network. 

Table 3. Video Feature Extraction Network Configuration. 

Layer Type Kernel Size Filters/Units Activation Output Shape 
1 Conv3D 3 × 3 × 3 64 ReLU 64 × 224 × 224 × 10 
2 MaxPool3D 2 × 2 × 2 - - 64 × 112 × 112 × 5 
3 Conv3D 3 × 3 × 3 128 ReLU 128 × 112 × 112 × 5 
4 MaxPool3D 2 × 2 × 1 - - 128 × 56 × 56 × 5 
5 Conv3D 3 × 3 × 3 256 ReLU 256 × 56 × 56 × 5 
6 MaxPool3D 2 × 2 × 1 - - 256 × 28 × 28 × 5 
7 Flatten - - - 1,024,000 
8 Dense - 1024 ReLU 1024 
9 Dense - 512 ReLU 512 
Zhang et al. explored cough sounds analysis techniques that informed our audio fea-

ture extraction approach [25]. We implemented a spectrogram-based representation 
learning method combined with attention mechanisms to identify acoustic features asso-
ciated with high-risk content. The text analysis component employs contextual embed-
dings to capture semantic nuances in user-generated captions and comments. 

Figure 2 presents a t-SNE visualization of the feature distributions across different 
modalities and risk categories. The plot shows a complex 2D projection of high-dimen-
sional feature spaces with distinct clusters for different content types. Safe content features 
(shown in blue) form compact clusters with clear boundaries, while high-risk content fea-
tures (shown in red) exhibit more dispersed patterns with several sub-clusters represent-
ing different risk categories. The visualization also highlights cross-modal feature rela-
tionships through connecting lines between corresponding points in different modality 
spaces, demonstrating how our fusion approach leverages complementary information. 

 
Figure 2. Multimodal Feature Distribution Visualization. 

Wang et al. developed LSTM-based prediction systems for physiological data, which 
inspired our temporal modeling approach for sequential content analysis [26]. Table 4 
demonstrates the contribution of different modalities to the overall detection performance. 
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Table 4. Modality Contribution to Detection Performance. 

Modality Combination Precision (%) Recall (%) F1 Score (%) Processing Time (ms) 
Video Only 84.2 82.7 83.4 28 
Audio Only 76.8 75.3 76.0 15 
Text Only 79.5 81.2 80.3 12 

Video + Audio 89.6 88.4 89.0 38 
Video + Text 90.1 89.7 89.9 36 
Audio + Text 87.3 86.9 87.1 24 

All Modalities 94.2 93.8 94.0 46 

3.3. Adaptive Caching and Pipeline Processing for Real-Time Detection 
The real-time detection capabilities of our framework rely on efficient adaptive cach-

ing mechanisms and pipeline processing techniques. Ma et al. proposed feature selection 
optimization for prediction tasks, which guided our implementation of dynamic feature 
prioritization in the processing pipeline [27]. Our adaptive caching system employs a hi-
erarchical memory architecture with three distinct layers optimized for different content 
characteristics. Li et al. introduced sample difficulty estimation for improving anomaly 
detection efficiency, which we incorporated into our cache replacement policy [28]. 

Figure 3 illustrates the throughput analysis of our real-time processing pipeline un-
der varying load conditions. The graph shows throughput (requests per second) on the y-
axis and input load (requests per second) on the x-axis. Multiple curves represent different 
system configurations: baseline (no optimization), with adaptive caching only, with pipe-
line processing only, and the complete system with both optimizations. The plot demon-
strates that our fully optimized system maintains high throughput (>1000 rps) even under 
heavy load conditions (>2000 rps), while the baseline system experiences significant deg-
radation beyond 800 rps. The graph also includes error bars showing performance varia-
bility and vertical lines marking capacity thresholds for each configuration. 

 
Figure 3. Real-Time Processing Pipeline Throughput Analysis. 

Yu et al. employed generative adversarial networks for anomalous pattern detection 
in financial markets, which informed our approach to identifying emerging risk patterns 
in content streams [29]. The pipeline processing component implements a staged execu-
tion model that allocates computational resources based on content complexity and risk 
probability. Table 5 presents the latency breakdown for different pipeline stages. 
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Table 5. Processing Latency Breakdown by Pipeline Stage. 

Pipeline Stage Average Latency (ms) Standard Deviation (ms) Percentage of Total Time (%) 
Content 

Preprocessing 8.2 1.7 17.8 

Feature 
Extraction 18.6 3.2 40.4 

Feature Fusion 12.3 2.4 26.7 
Classification 5.8 1.1 12.6 

Postprocessing 1.1 0.3 2.4 
Total 46.0 5.2 100.0 

Wan et al. explored privacy-preserving data analysis techniques in multi-cloud envi-
ronments, which contributed to our secure processing approach for sensitive content [30]. 
Wu et al. implemented differential privacy methods for financial transaction pattern 
recognition, which we adapted for protecting user information during content analysis 
[31]. Rao et al. developed a reinforcement learning approach for suspicious flow detection, 
which inspired our adaptive resource allocation strategy [32]. Our system dynamically 
adjusts the processing pipeline based on content characteristics and system load, optimiz-
ing resource utilization without compromising detection accuracy. Yan et al. proposed a 
transformer-based algorithm for key-frame action recognition, which informed our ap-
proach to identifying critical segments in video content for prioritized processing [33]. 

4. Experimental Results and Analysis 
4.1. Dataset and Experimental Setup 

The evaluation of our proposed framework required a comprehensive dataset com-
prising diverse high-risk content categories across multiple modalities. We compiled a 
dataset from short video platform samples, encompassing 25,000 videos with associated 
audio and text annotations. Wang et al. proposed a spatio-temporal attention mechanism 
for trajectory prediction, which informed our data preprocessing strategy for temporal 
alignment of multimodal features [34]. The dataset includes balanced samples across five 
risk categories: misinformation, harmful content, policy violations, copyright infringe-
ment, and coordinated inauthentic behavior. Table 6 details the dataset composition by 
risk category and modality availability. 

Table 6. Dataset Composition by Risk Category and Modality Availability. 

Misinformation 
Total 

Samples 
Video 

Available 
Audio 

Available 
Text 

Available 
All Modalities 

Available 
Harmful Content 5200 5200 5000 4800 4600 
Policy Violations 4800 4800 4800 4800 4800 

Copyright 
Infringement 

4500 4500 4500 3900 3900 

Coordinated 
Inauthentic 

5000 5000 4800 5000 4800 

Total 25,000 25,000 24,600 23,600 23,200 
The experimental hardware setup consisted of a server with 8 NVIDIA A100 GPUs, 

512GB RAM, and 64-core CPU. Michael et al. evaluated transferability of findings in au-
tomatic answer grading using in-context meta-learning, which guided our cross-valida-
tion strategy for robust performance assessment [35]. We implemented a 5-fold cross-val-
idation protocol with stratified sampling to maintain class distribution consistency across 
all folds. The model training process employed the Adam optimizer with a learning rate 
of 0.0001 and batch size of 64, with early stopping based on validation loss with a patience 
of 10 epochs. Table 7 presents the hyperparameter configurations evaluated during model 
optimization. 
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Table 7. Hyperparameter Configurations for Model Optimization. 

Hyperparameter Values Evaluated Optimal Value Sensitivity 
Learning Rate 0.1, 0.01, 0.001, 0.0001 0.0001 High 

Batch Size 16, 32, 64, 128 64 Medium 
Dropout Rate 0.1, 0.3, 0.5 0.3 Low 

Attention Heads 4, 8, 16 8 Medium 
Fusion Layers 1, 2, 3 2 High 

Feature Dimensions 128, 256, 512 256 Medium 
Loss Function BCE, Focal, Weighted Focal Medium 

Figure 4 illustrates the training convergence analysis for different feature fusion ap-
proaches. The graph shows training and validation loss curves over epochs for four dif-
ferent fusion strategies: early fusion (green), intermediate fusion (blue), late fusion (or-
ange), and our hybrid fusion approach (red). Each curve represents the mean performance 
across five cross-validation folds, with shaded regions indicating standard deviation. The 
plot demonstrates that our hybrid fusion approach achieves faster convergence (reaching 
a validation loss of 0.15 by epoch 30) and better final performance (validation loss of 0.11) 
compared to other fusion strategies. The graph also includes markers highlighting critical 
points in the training process, such as when overfitting begins to occur for various meth-
ods. 

 
Figure 4. Training Convergence Analysis for Different Feature Fusion Approaches. 

4.2. Performance Evaluation and Comparison with Baseline Methods 
We compared our proposed framework against several state-of-the-art baseline 

methods for high-risk content detection. McNichols et al. developed algebra error classi-
fication techniques using large language models, which informed our evaluation metrics 
for classification performance [36]. The baseline methods included single-modal ap-
proaches, traditional multimodal fusion techniques, and recent deep learning-based 
frameworks. Table 8 presents the overall performance comparison across multiple metrics. 

Table 8. Performance Comparison with Baseline Methods. 

Method 
Accuracy 

(%) 
Precision 

(%) 
Recall 

(%) 
F1 Score 

(%) 
Latency 

(ms) 
Throughput 

(rps) 
VGG-16 (Video 

Only) 
82.3 80.5 79.8 80.1 31 32.3 

BERT (Text Only) 84.7 83.2 82.9 83.0 22 45.5 
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WaveNet (Audio 
Only) 

78.5 76.9 77.2 77.0 18 55.6 

Early Fusion 88.9 87.6 86.3 87.0 52 19.2 
Late Fusion 89.2 88.1 87.8 88.0 38 26.3 

MMBT 91.5 90.3 89.8 90.0 65 15.4 
MulT 92.8 91.7 91.5 91.6 57 17.5 

Proposed 
Framework 

95.3 94.8 94.2 94.5 46 21.7 

The results demonstrate that our proposed framework outperforms all baseline 
methods across accuracy, precision, recall, and F1 score metrics. Zhang et al. analyzed 
scorer preferences in short-answer math questions, which guided our approach to risk 
category-specific performance analysis [37]. Table 9 presents the detection performance 
breakdown by risk category, highlighting the effectiveness of our framework across dif-
ferent content types. 

Table 9. Detection Performance Breakdown by Risk Category. 

Risk Category Accuracy (%) Precision (%) Recall (%) F1 Score (%) AUC 
Misinformation 94.8 93.9 94.2 94.0 0.978 

Harmful Content 96.2 95.7 95.1 95.4 0.985 
Policy Violations 95.7 94.9 94.3 94.6 0.981 

Copyright Infringement 96.0 95.3 94.8 95.0 0.983 
Coordinated Inauthentic 93.8 94.0 92.5 93.2 0.972 

Average 95.3 94.8 94.2 94.5 0.980 
Figure 5 displays the Receiver Operating Characteristic (ROC) curves for different 

risk categories. The plot shows five curves corresponding to each risk category: misinfor-
mation (blue), harmful content (red), policy violations (green), copyright infringement 
(purple), and coordinated inauthentic behavior (orange). Each curve plots the true posi-
tive rate against the false positive rate at various threshold settings. The graph includes 
diagonal grid lines and confidence intervals (shown as translucent bands around each 
curve). The area under the curve (AUC) values are annotated for each category, with 
harmful content achieving the highest AUC of 0.985. The plot also includes a zoomed inset 
focusing on the high-specificity region (0-0.2 false positive rate), which is particularly im-
portant for operational deployment. 

 

Figure 5. ROC Curves for Different Risk Categories. 
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Zhang et al. developed an interpretable math word problem solution generation ap-
proach via step-by-step planning, which influenced our incremental detection visualiza-
tion methodology [38]. We conducted statistical significance testing using paired t-tests to 
validate the performance improvements, with all reported improvements significant at p 
< 0.01. 

4.3. Ablation Studies and Feature Importance Analysis 
To understand the contribution of different components within our framework, we 

performed comprehensive ablation studies by systematically removing or modifying key 
components. Zhang et al. employed in-context meta-learning for automatic short math 
answer grading, which inspired our component-wise evaluation approach [39]. Table 10 
presents the results of ablation studies on the main framework components. 

Table 10. Ablation Study Results on Framework Components. 

Removed/Modified 
Component 

Accuracy Drop (%) F1 Score Drop (%) Latency Change (ms) 

Cross-modal Attention -3.8 -4.2 -12.3 
Temporal Modeling -2.7 -3.1 -8.5 

Adaptive Fusion -4.5 -4.8 -5.2 
Caching Mechanism -0.4 -0.3 +18.7 
Pipeline Processing -0.2 -0.2 +21.4 

Feature Normalization -1.5 -1.4 -2.1 
Data Augmentation -1.8 -1.9 0.0 

The results indicate that the adaptive fusion and cross-modal attention components 
contribute most significantly to performance, while caching and pipeline processing pri-
marily impact computational efficiency with minimal effect on accuracy. Wang et al. de-
veloped scientific formula retrieval via tree embeddings, which guided our feature hier-
archy representation analysis [40]. We further investigated the importance of different 
feature types through permutation importance analysis, as shown in Table 11. 

Table 11. Feature Importance by Modality and Feature Type. 

Modality Feature Type Importance Score Standard Deviation 
Video Motion Patterns 0.382 0.043 
Video Object Recognition 0.276 0.032 
Video Scene Classification 0.198 0.027 
Audio Speech Content 0.412 0.038 
Audio Acoustic Properties 0.256 0.031 
Audio Background Sounds 0.174 0.025 
Text Semantic Content 0.435 0.045 
Text Sentiment Analysis 0.312 0.036 
Text Named Entity Recognition 0.253 0.029 
Figure 6 presents a feature importance visualization using SHAP (SHapley Additive 

exPlanations) values. The visualization consists of a complex multi-panel figure showing 
the contribution of different features to the model decisions. The main panel displays a 
beeswarm plot where each point represents a sample, with color indicating the feature 
value (blue for low, red for high) and horizontal position showing the SHAP value impact. 
Features are ordered vertically by their overall importance. The right side includes sum-
mary violin plots showing the distribution of SHAP values for each feature. Additional 
panels show interaction effects between key feature pairs through heatmaps. The visuali-
zation highlights that semantic content from text, speech content from audio, and motion 
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patterns from video have the highest impact on detection decisions across all risk catego-
ries. 

 
Figure 6. Feature Importance Visualization Using SHAP Values. 

Zhang et al. developed math operation embeddings for solution analysis, which in-
formed our approach to interpretable feature representation [41]. We evaluated the gen-
eralization capability of our framework across different content distributions by testing 
on out-of-distribution samples. Jordan et al. evaluated the performance of reinforcement 
learning algorithms, which guided our robustness assessment methodology [42]. Our 
framework maintained 91.7% accuracy on out-of-distribution samples, demonstrating 
strong generalization capabilities. Qi et al. used metadata for anomaly explanation, which 
inspired our contextual feature analysis [43]. The incorporation of temporal context im-
proved detection accuracy by 2.3% for rapidly evolving risk patterns. Zhang et al. pro-
posed an improved algorithm for exception-tolerant abduction, which influenced our ap-
proach to handling edge cases and anomalies in the detection process [44]. Our framework 
achieved 89.5% accuracy on ambiguous content cases that required complex reasoning, 
outperforming baseline methods by an average of 8.2% on these challenging samples. 

5. Conclusion 
5.1. Summary of Key Findings 

This research has presented a real-time detection framework for high-risk content on 
short video platforms based on heterogeneous feature fusion. The experimental results 
demonstrate significant performance improvements over existing methods, with our 
framework achieving 95.3% accuracy, 94.8% precision, and 94.2% recall across diverse risk 
categories. The proposed adaptive fusion approach effectively leverages complementary 
information from video, audio, and text modalities, resulting in a 4.8% accuracy improve-
ment compared to the best-performing baseline method. The implemented caching mech-
anisms and pipeline processing techniques enable efficient real-time operation with an 
average processing latency of 46ms per content item while maintaining high detection 
accuracy. The ablation studies revealed that cross-modal attention and adaptive fusion 
components contribute most significantly to performance improvements, with 3.8% and 
4.5% accuracy drops respectively when these components are removed. Feature im-
portance analysis identified semantic content from text, speech content from audio, and 
motion patterns from video as the most discriminative features for high-risk content de-
tection, with importance scores of 0.435, 0.412, and 0.382 respectively. 
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5.2. Framework Limitations and Potential Improvements 
Despite the promising results, several limitations in the current framework warrant 

further investigation. The detection performance exhibits a noticeable drop when dealing 
with coordinated inauthentic behavior, achieving 93.8% accuracy compared to 96.2% for 
harmful content detection. This discrepancy indicates the need for more sophisticated 
temporal and network analysis techniques to identify coordinated activities across multi-
ple content items. The generalization capability, while robust at 91.7% accuracy on out-of-
distribution samples, still leaves room for improvement through more diverse training 
data and adaptive domain adaptation methods. The current framework also faces chal-
lenges in processing extremely short videos (under 3 seconds) with limited modality in-
formation, where context extraction becomes particularly difficult. Future work should 
explore integration with external knowledge bases to enhance contextual understanding 
and improve detection accuracy for ambiguous content. Additionally, the computational 
complexity of the cross-modal attention mechanism presents scalability challenges for ex-
tremely high-volume platforms, necessitating further optimization through model quan-
tization and hardware-specific acceleration techniques. 

5.3. Implications for Large-Scale Content Moderation Systems 
The findings from this research have significant implications for the design and im-

plementation of large-scale content moderation systems. The demonstrated effectiveness 
of heterogeneous feature fusion provides a strong foundation for multimodal risk assess-
ment in diverse platform contexts. The adaptive nature of the proposed framework ena-
bles flexible deployment across different content categories and platform policies without 
extensive reconfiguration. The computational efficiency improvements through caching 
and pipeline processing offer valuable insights for resource optimization in high-volume 
moderation systems, potentially reducing infrastructure costs while maintaining detec-
tion quality. The framework's ability to provide interpretable detection results through 
feature importance analysis enhances transparency and auditability, addressing growing 
regulatory requirements for explainable content moderation decisions. The privacy-pre-
serving processing techniques implemented in the framework establish a blueprint for 
responsible content analysis that protects user information while effectively identifying 
harmful material. Future content moderation systems should prioritize adaptability to 
evolving risk patterns, computational efficiency for real-time operation, and interpretabil-
ity for stakeholder understanding, all core principles demonstrated in the proposed 
framework. 
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