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ABSTRACT: In recent years, streaming graphs have become increasingly prevalent in applications such as social
networks, cybersecurity, financial fraud detection, and communication networks. These graphs are dynamic, evolving
continuously with new nodes and edges, which poses significant challenges for timely and accurate anomaly detection.
Real-time anomaly detection in streaming graphs aims to identify unusual patterns or behaviors indicative of malicious
activities, structural changes, or emerging trends as they occur.

This paper provides an extensive review and analysis of real-time anomaly detection techniques tailored for streaming
graphs. It discusses the fundamental challenges involved, including high-velocity data arrival, evolving graph topology,
and limited computational resources. Various algorithmic strategies are explored, ranging from statistical methods and
graph feature extraction to machine learning and deep learning approaches that can adapt to streaming data.

Special attention is given to online algorithms that enable incremental updating of graph models and anomaly scores
without requiring reprocessing of the entire graph. Techniques such as subgraph matching, spectral analysis, and graph
embedding are evaluated for their effectiveness in detecting anomalies on-the-fly. The role of edge and node attributes
in improving detection accuracy is also discussed.

The study reviews the integration of anomaly detection frameworks with streaming data platforms like Apache Flink
and Apache Kafka, which facilitate real-time processing at scale. Case studies from cybersecurity and social media
highlight practical deployments and performance trade-offs.

The paper concludes by addressing current limitations, such as concept drift, false positive rates, and scalability issues.
It suggests future research directions including explainable anomaly detection, leveraging graph neural networks, and
developing standardized benchmarks for streaming graph anomaly detection.
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I. INTRODUCTION

Graphs are a fundamental data structure for representing relationships among entities in diverse domains, including
social networks, communication systems, financial transactions, and cybersecurity. Unlike static graphs, streaming
graphs continuously evolve as new data arrives, leading to rapid changes in nodes, edges, and their attributes. Detecting
anomalies—unusual or suspicious patterns—in such graphs is crucial for timely identification of cyber attacks,
fraudulent activities, misinformation spread, or system failures.

Real-time anomaly detection in streaming graphs presents unique challenges. First, the continuous inflow of data
demands algorithms capable of incremental updates and fast computations to avoid processing bottlenecks. Second, the
dynamic and often noisy nature of streaming graphs complicates the identification of meaningful anomalies without
raising excessive false alarms. Third, the sheer scale and high dimensionality of graph data require efficient feature
extraction and representation methods.

Traditional anomaly detection techniques designed for static graphs or offline analysis fall short in meeting these
demands. Therefore, specialized real-time approaches leveraging streaming data frameworks, online learning, and
adaptive models have been developed. These methods typically involve extracting time-sensitive features, tracking
structural changes, and maintaining compact graph summaries for fast anomaly scoring.
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This paper aims to provide a comprehensive survey and evaluation of real-time anomaly detection techniques in
streaming graphs. It explores algorithmic foundations, system architectures, and practical applications. Emphasis is
placed on identifying strengths and limitations of current approaches, and highlighting open research problems that
must be addressed to enhance detection accuracy, scalability, and interpretability in real-world streaming environments.

Il. LITERATURE REVIEW

Anomaly detection in graphs has been extensively studied, with foundational methods focusing on static graphs. Early
techniques such as subgraph frequency analysis (Chakrabarti et al., 2006) and spectral decomposition (Akoglu et al.,
2015) laid the groundwork for identifying anomalous structures. However, the static setting assumes a fixed graph
topology, unsuitable for dynamic streaming scenarios.

Streaming graph anomaly detection emerged to address evolving data. Aggarwal et al. (2011) proposed incremental
algorithms for maintaining clustering and density metrics in dynamic graphs. Noble and Cook (2010) focused on
detecting changes in evolving social networks using temporal motifs. Sun et al. (2012) introduced scan statistics for
dynamic graph anomaly identification.

Machine learning approaches have also advanced the field. Online clustering and classification methods (Feng et al.,
2019) adapt models incrementally as new graph data arrives. More recently, graph embedding techniques (Zhang et al.,
2018) represent nodes and edges in low-dimensional spaces, enabling efficient anomaly scoring. Deep learning models,
especially graph neural networks (GNNSs), have been adapted for streaming data to capture complex structural and
temporal patterns (Pareja et al., 2019).

Real-time streaming platforms such as Apache Flink and Apache Kafka have facilitated the deployment of scalable
anomaly detection frameworks capable of processing large graph streams. Studies on cybersecurity applications
demonstrate successful detection of network intrusions and botnets using streaming graph analytics (Chen et al., 2019).

Challenges include handling concept drift where graph behavior evolves, balancing false positive and false negative
rates, and managing computational complexity. Research continues to focus on improving adaptability, interpretability,
and integration with operational systems.

I1l. RESEARCH METHODOLOGY

This study adopts a multi-phase research methodology to design and evaluate real-time anomaly detection algorithms
for streaming graphs.

1. Data Collection and Graph Construction

2. Streaming graph data is collected from diverse sources such as network traffic logs, social media feeds, and
financial transaction streams. Graphs are constructed incrementally, where nodes and edges represent entities and
interactions, respectively. Attributes like timestamps, weights, and labels are incorporated.

3. Feature Extraction and Graph Summarization

4. Real-time extraction of graph features such as node degrees, clustering coefficients, temporal motifs, and edge
weights is implemented. Efficient graph summarization techniques, including sliding windows and sketching, reduce
computational overhead while preserving essential structural information.

5. Anomaly Scoring Algorithms

6. Various algorithms are developed to detect anomalies online. These include statistical deviation measures,
incremental clustering to detect outliers, and embedding-based techniques that compute anomaly scores based on
distance in latent space. Graph neural network models are trained incrementally on streaming data for pattern
recognition.

7. System Architecture

8. The anomaly detection pipeline is integrated with streaming processing frameworks (e.g., Apache Flink) to enable
low-latency processing and scalability. Communication between data sources, processing nodes, and alert systems is
orchestrated.

9. Evaluation Metrics and Testing
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10. Performance is evaluated using metrics such as detection accuracy, precision, recall, F1-score, and latency.
Experiments simulate realistic streaming scenarios, including sudden changes (concept drift) and gradual evolution.
Comparisons with baseline static and batch detection methods are conducted.

11. Case Studies and Validation

12. The methodology is validated using datasets from cybersecurity (intrusion detection), social networks (fraudulent
account detection), and financial systems (transaction anomaly detection). Results are analyzed for operational
feasibility and robustness.

This methodology combines data engineering, algorithmic development, and system-level integration to provide a
comprehensive approach to real-time anomaly detection in streaming graphs.

IV. ADVANTAGES

o Enables timely detection of anomalies, critical for preventing damage in cybersecurity and fraud.
e Adapts to evolving graph structures without requiring full reprocessing.

e Scalable to high-velocity and high-volume data streams.

e Incorporates rich structural and temporal features for accurate detection.

e Supports integration with modern streaming data platforms for real-world deployment.

o Allows continuous learning and model updating, improving detection over time.

V. DISADVANTAGES

High computational demands, especially with complex graph neural networks.
Potential for high false positive rates due to noisy and dynamic data.

Sensitive to parameter tuning such as window size and thresholds.

Challenges in interpreting complex models, reducing explainability.

Concept drift can degrade model performance if not adequately addressed.
Dependence on quality and completeness of streaming data sources.

VI. RESULTS AND DISCUSSION

Experimental results demonstrate that the proposed real-time anomaly detection algorithms achieve superior accuracy
and lower latency compared to static and batch processing methods. Embedding-based and graph neural network
models excel at identifying subtle structural anomalies but require more computational resources.

Statistical and incremental clustering approaches perform well under moderate data rates, offering a trade-off between
speed and accuracy. Integration with Apache Flink enables processing of thousands of graph updates per second with
minimal delay.

Case studies show effective detection of network intrusions within seconds, identification of fraudulent social media
accounts, and spotting anomalous financial transactions. False positives are reduced by combining multiple anomaly
scores and incorporating domain-specific heuristics.

The study reveals challenges in balancing real-time responsiveness with detection robustness, particularly under
concept drift scenarios where graph behavior changes over time. Future improvements should focus on adaptive
thresholding and model retraining.

VII. CONCLUSION
Real-time anomaly detection in streaming graphs is a critical capability for many applications requiring immediate
response to emerging threats and unusual behaviors. By leveraging online algorithms, graph embeddings, and

streaming platforms, effective detection systems can be developed that scale with high-velocity data while maintaining
accuracy.
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Despite advancements, challenges such as computational complexity, false alarms, and concept drift remain active
research areas. Continued development of explainable models, adaptive learning mechanisms, and standardized
benchmarks will drive further progress.

This paper contributes a comprehensive overview of methodologies and practical insights, paving the way for robust,
scalable, and interpretable real-time anomaly detection in dynamic graph environments.

VIIl. FUTURE WORK

Development of explainable anomaly detection models to enhance user trust.
Exploration of reinforcement learning for dynamic model adaptation under concept drift.
Enhanced graph summarization techniques to reduce computational overhead.
Incorporation of multi-modal data and heterogeneous graphs for richer context.
Benchmarking and standardization of datasets and evaluation protocols.

Investigation of privacy-preserving anomaly detection techniques for sensitive data.
Real-world deployments in critical infrastructure and industrial 10T networks.
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