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1. Introduction

The exponential growth of digital systems, cloud infrastructure, and interconnected devices has
significantly increased the attack surface for modern cyber threats. Cybersecurity is no longer a static
field; threats are evolving rapidly, often leveraging complex, multi-stage attack strategies that evade
traditional detection systems. Organizations across industries are facing growing challenges in not only
detecting cyber incidents but also anticipating them before damage occurs. This has shifted the research
focus from reactive threat detection to proactive cybersecurity risk prediction—the ability to
forecast potential threats based on observed patterns, system vulnerabilities, and contextual
relationships in network activity.

Traditional machine learning models, while effective in certain structured environments, often
fall short when applied to real-world cybersecurity scenarios. These models typically treat input data as
independent samples and fail to capture the rich relational structure and sequential dynamics
inherent in cyber environments. For instance, malicious activity often propagates through lateral
movements across nodes, chained exploits, and coordinated attacks that depend on multi-entity
interactions. Capturing these dynamics requires a modeling approach that understands topological
structures, interconnected entities, and temporal evolution—areas where Graph Neural
Networks (GNNs) have shown significant promise.

Graph Neural Networks have emerged as a powerful class of models capable of learning
representations from structured graph data. In the context of cybersecurity, network entities such as
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users, hosts, files, and vulnerabilities can be naturally represented as nodes, while communications, log
traces, or exploit chains form edges. These graphs are not static—they evolve over time as new behaviors
emerge or systems are patched. GNNs, particularly those adapted for dynamic or temporal graphs,
provide the ability to reason over these evolving structures, enabling context-aware predictions that go
beyond isolated anomaly detection.

This research proposes a novel framework that applies temporal graph neural networks
for cybersecurity risk prediction. Our approach models enterprise network environments as
dynamic graphs, integrates multiple data sources (e.g., log files, vulnerability databases, intrusion
alerts), and uses GNNs to forecast the likelihood of future threats or breaches. In doing so, we aim to
bridge the gap between traditional machine learning-based intrusion detection systems (IDS) and the
next generation of contextual, graph-based risk analytics.

The remainder of this paper is structured as follows. Section 2 reviews existing literature and
foundational approaches in cybersecurity and graph learning. Section 3 details our methodology,
including data preprocessing, graph construction, and the proposed GNN architecture. Section 4
describes the experimental setup and datasets used, while Section 5 presents quantitative and
qualitative results. Section 6 visualizes the architecture and system flow. Finally, Sections 7 through 9
discuss implications, limitations, ethical considerations, and potential future directions of this work.

2. Literature Review

Cybersecurity risk prediction has traditionally relied on signature-based and rule-driven
systems, which, although effective against known threats, struggle to detect zero-day attacks and
sophisticated multi-stage intrusions. Early research in this domain primarily employed statistical and
classical machine learning techniques such as decision trees, support vector machines (SVMs), and k-
nearest neighbors to classify malicious traffic patterns (Sangkatsanee et al., 2011; Sommer & Paxson,
2010). While these approaches demonstrated reasonable accuracy on benchmark datasets, they were
limited by their dependence on handcrafted features and their inability to model complex dependencies
among network entities.

To overcome these limitations, researchers began exploring ensemble learning and deep
learning models for intrusion detection and risk assessment. Works such as those by Moustafa and Slay
(2015) and Kim et al. (2016) leveraged random forests, deep neural networks, and autoencoders to
improve detection rates on modern datasets like UNSW-NB15. Recurrent neural networks (RNNs) and
long short-term memory (LSTM) models were later introduced to capture sequential dependencies in
network traffic (Yin et al., 2017). Despite performance improvements, these methods continued to treat
network events as independent or sequential data points, largely ignoring the underlying relational
structure of cyber systems.

Graph-based modeling emerged as a promising paradigm to represent cybersecurity
environments more realistically. Attack graphs and dependency graphs were introduced to model
relationships among vulnerabilities, hosts, and exploits (Sheyner et al., 2002; Neuhaus & Zimmermann,
2007). These representations enabled security analysts to reason about attack paths and risk
propagation. However, most early graph-based approaches relied on rule-based inference or manual
analysis, limiting scalability and automation in real-world deployments.

The integration of machine learning with graph representations marked a significant shift in
cybersecurity research. Researchers began applying graph mining and probabilistic graphical models
to detect anomalies and predict attacks (Zhang et al., 2019; Wang et al., 2020). Concurrently, advances
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in representation learning led to the development of Graph Neural Networks (GNNs), which generalized
deep learning to non-Euclidean data structures (Kipf & Welling, 2017; Hamilton et al., 2017). These
models demonstrated strong performance in learning node, edge, and graph-level representations,
making them well-suited for cybersecurity applications.

Recent studies have increasingly explored GNNs for intrusion detection, malware classification,
and vulnerability analysis. Feng et al. (2021) employed temporal graph neural networks to model
evolving network behaviors, while Chen et al. (2023) used edge-conditioned GNNs to capture exploit
propagation patterns. Similarly, Wu et al. (2022) proposed a knowledge graph-based security
framework that integrates threat intelligence with graph learning. These studies highlight the
effectiveness of GNNs in capturing both structural and temporal dependencies; however, challenges
remain regarding scalability, interpretability, and real-time risk prediction.

In summary, existing literature demonstrates a clear evolution from traditional machine
learning toward graph-based deep learning approaches for cybersecurity. While GNNs have shown
superior capability in modeling complex cyber environments, there remains a research gap in
developing unified, temporal GNN frameworks specifically tailored for proactive cybersecurity risk
prediction rather than reactive detection. This paper aims to address this gap by proposing a scalable
GNN-based model designed to predict future cyber risks using dynamic graph representations.

3. Methodology

This section details the end-to-end design of our proposed framework for cybersecurity risk
prediction using Graph Neural Networks (GNNs). The pipeline includes stages for data acquisition,
graph construction, and deep learning model development using dynamic GNN architectures. The goal
isto leverage rich, structured relationships among entities in network environments to predict emerging
threats with high temporal accuracy.

3.1 System Overview

The proposed system is designed as a multi-stage pipeline that transforms raw cybersecurity
data into dynamic graphs, enabling prediction of high-risk behaviors or intrusion attempts using GNN-
based inference. The process begins with data collection from diverse cybersecurity logs and threat
databases. These datasets are then subjected to a preprocessing and feature extraction stage
where relevant entities (e.g., IPs, ports, vulnerabilities) are identified and normalized.

Following this, the system performs graph construction, converting the cleaned data into
multi-attributed, time-evolving graphs. Nodes represent cyber entities such as devices,
vulnerabilities, or users, while edges represent communication flows, exploits, or temporal co-
occurrences. The core of the system is a temporal GNN model, which learns rich node and edge
embeddings over time to infer the likelihood of future security incidents. The final stage outputs risk
scores or alert classifications, which can be integrated into a security information and event
management (STEM) dashboard for real-time decision-making.
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Figure 1: Sequence Diagram — System Workflow
3.2 Data Acquisition and Preprocessing

To build a robust and realistic model, we source raw cybersecurity data from public intrusion
detection datasets and vulnerability databases. Our primary datasets include:

e CICIDS 2017: Contains real-world attack traffic labeled with attack types such as DoS, botnet,
brute-force, and infiltration.

¢ CTU-13 Botnet Dataset: Includes traffic captures for various botnet scenarios with malicious
and benign behaviors.

¢ Common Vulnerabilities and Exposures (CVE) and National Vulnerability
Database (NVD): Provide metadata about software vulnerabilities, severity scores, and
exploit history.

The preprocessing phase includes log parsing, timestamp alignment, IP normalization, and
protocol extraction. Additionally, we perform noise filtering using statistical thresholds and rule-
based filters to remove low-entropy flows or irrelevant logs. Feature normalization is conducted on
numerical attributes (e.g., packet sizes, port numbers) to ensure stable GNN training.

3.3 Graph Construction and Representation

We represent the cybersecurity environment as a directed, temporal, multi-attributed graph
G. = (V,E,X,AT), where:

e V:Nodes (e.g., IP addresses, devices, user accounts, CVE IDs)

E: Edges (e.g., network flows, login attempts, exploit links)

X: Node features (e.g., port access frequency, vulnerability severity)

A: Edge attributes (e.g., flow duration, protocol type)
e T:Time component for temporal graph snapshots

Graphs are constructed per time window (e.g., every 5 minutes), and temporal continuity is
maintained across snapshots. Each node is initialized with a vector embedding representing its
properties (e.g., an IP node has activity stats; a vulnerability node has CVSS score and CWE type). Edges
are weighted and directed, carrying attributes like session duration and data volume.

This representation enables the system to learn patterns of coordinated attacks, privilege
escalations, and vulnerability exploitation over time.
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3.4 Proposed GNN Architecture

Our proposed architecture integrates temporal graph convolution with attention
mechanisms to effectively capture both spatial and temporal dependencies among cyber entities.

Architectural Components:
1. Input Layer: Accepts dynamic graph snapshots with node and edge features at time ¢.

2. Temporal Graph Convolutional Layers (T-GCN): These layers extend classical GCNs by
incorporating time series modeling (e.g., using recurrent units or temporal filters) to track
changes in graph structure and node behavior.

3. Graph Attention Mechanism: Applies attention weights to nodes and edges, allowing the
model to prioritize influential relationships, such as high-risk IP-to-port flows or known
vulnerable software paths.

4. Residual Skip Connections: Used between layers to enable deeper architectures and
preserve long-range dependencies, mitigating vanishing gradient issues.

5. Classification Layer: Outputs risk predictions for each node (or subgraph), using softmax or
sigmoid activation depending on the task (binary/multiclass classification).

Loss Function:

We employ Cross-Entropy Loss with L2 regularization on the node embeddings to
prevent overfitting and encourage smoother embeddings across time steps.

Input Graphs (G)

Temporal GCN Layers
(T-GCN)

Graph Attention Layer

Residual Block +
Feature Aggregation

Classifier (MLP)

Node Risk Scores
(0 = Safe, 1=Threat)

Figure 2: Proposed Architecture — Risk Prediction Pipeline

This architecture enables risk-aware reasoning by aggregating local and global context
across time. For example, a device showing subtle deviations in behavior, but connected to
compromised nodes, will be flagged due to graph-level interactions.
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Figure 3: Node and Edge Attention Map

1.0

0.8

0.6

Nodes

0.4

0.2

Edges

Figure 3: Node and Edge Attention Map

¢ Heatmap of attention weights showing which edges (e.g., malicious flows) and nodes (e.g.,
critical CVEs) influenced the risk prediction most.

e  Useful for interpretability and trust in Al-assisted cybersecurity tools.

4. Experimental Setup

This section describes the experimental design and evaluation strategy used to validate the
effectiveness of the proposed Graph Neural Network (GNN)-based cybersecurity risk prediction
framework. We detail the datasets employed, the preprocessing and labeling process, the metrics used
to assess performance, and the baseline models used for comparison.

4.1 Dataset Description

To ensure the reliability and generalizability of our model, we conducted experiments on two
widely accepted cybersecurity datasets and one curated dataset from real-world vulnerability sources:

(a) CICIDS 2017 Dataset

The Canadian Institute for Cybersecurity Intrusion Detection System (CICIDS 2017)
dataset offers labeled data that includes both normal and malicious traffic across multiple attack
scenarios such as DDoS, PortScan, Infiltration, and Brute Force. The dataset contains packet-level
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information, flow statistics, and protocol metadata, making it well-suited for network intrusion
detection.

e Size: ~3 million records
¢ Features: 80+ flow-based features (e.g., flow duration, packet size, byte rate)
e Classes: Multi-class labels for attack types

(b) CTU-13 Botnet Dataset

This dataset captures real-world botnet traffic scenarios, combining normal, background, and
botnet traffic across 13 scenarios. It is particularly useful for modeling lateral movement and command-
and-control (C2) behavior.

e Size: ~1 million labeled records
¢ Features: NetFlow format, IP-level communication patterns
¢ Classes: Binary (botnet or normal)

(c) CVE-NVD Vulnerability Graph

To enhance the model’s predictive capabilities, we built a graph from the Common
Vulnerabilities and Exposures (CVE) data and the National Vulnerability Database (NVD).
We map vulnerabilities to software entities and extract the Common Vulnerability Scoring
System (CVSS) scores, CWE types, and exploit references. This forms a knowledge-enhanced
subgraph that supplements the flow-level data with risk context.

e Size: ~150K CVE entries

o Entities: Software packages, vulnerabilities, exploit chains

o Features: CVSS score, CWE class, published/modified dates
4.2 Evaluation Metrics

We evaluate our model across multiple performance dimensions to capture both predictive
accuracy and reliability in real-world contexts. The following metrics are used:

Table-1: Evaluation Metrics

Metric Description

Accuracy Overall correctness of predictions

Precision True positives as a proportion of all predicted positives (TP / (TP + FP))
Recall True positives as a proportion of all actual positives (TP / (TP + FN))
F1-Score Harmonic mean of precision and recall

AUC-ROC /Area under the Receiver Operating Characteristic curve
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False Positive Rate

(FPR) Proportion of benign instances incorrectly classified as threats

4.3 Baseline Models

To contextualize the effectiveness of our GNN-based framework, we compare it against three
baseline models commonly used in cybersecurity literature:

(a) XGBoost (Extreme Gradient Boosting)
e A decision-tree-based ensemble algorithm known for high classification performance.
e Trained on extracted flow-level features (same as in GNN input).
e Lacks graph relational modeling.
e Acts as a traditional ML baseline.
(b) LSTM-Autoencoder

e A deep learning model that uses LSTM layers for sequence modeling and autoencoders for
anomaly detection.

e  Suitable for modeling temporal behavior of hosts.
e Operates on sequential logs rather than graph representations.
e Serves as a temporal anomaly detection baseline.
(¢) Static GCN (Graph Convolutional Network)
e A graph-based model that performs convolutions over a single static graph snapshot.
e  Captures structural relationships but lacks temporal dynamics.
e  Useful for measuring the added value of temporal modeling in our system.
Experimental Environment
e Platform: Ubuntu 22.04 LTS (64-bit)
e Frameworks: PyTorch Geometric, DGL, Scikit-learn
e Hardware: NVIDIA RTX 3090 GPU, 128 GB RAM
e Training Procedure:
o Mini-batch training over time-sliced graph windows
o Adam optimizer with learning rate = 0.001
o Dropout = 0.5, Batch size = 128

o Early stopping with patience = 10 epochs (based on validation F1)
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5. Results and Analysis

This section presents a comprehensive evaluation of the proposed Graph Neural Network
(GNN)-based cybersecurity risk prediction framework. The results are analyzed quantitatively using
standard performance metrics and qualitatively through visualization techniques that highlight the
interpretability and effectiveness of the learned graph representations. Comparative analysis with
baseline models and ablation experiments further validates the design choices of the proposed
approach.

5.1 Performance Evaluation

The performance of the proposed GNN model is evaluated against two baseline approaches—
XGBoost and a static Graph Convolutional Network (GCN)—using Precision, Recall, F1-score, and Area
Under the ROC Curve (AUC). These metrics are particularly important in cybersecurity contexts, where
both early detection (high recall) and minimizing false alarms (high precision) are critical.

The results, summarized in Table 5.1, demonstrate that the proposed GNN significantly
outperforms the baseline models across all metrics. While XGBoost achieves reasonable performance
due to its strong feature-learning capabilities, it lacks the ability to model relational dependencies,
resulting in lower AUC and Fi-scores. The static GCN improves upon XGBoost by leveraging graph
structure; however, its inability to capture temporal dynamics limits its effectiveness in evolving attack
scenarios.

The proposed GNN achieves a precision of 0.89 and a recall of 0.91, leading to an F1-
score of 0.90 and an AUC of 0.94. This improvement highlights the importance of integrating both
temporal graph modeling and attention mechanisms, enabling the system to identify early-
stage threats and reduce false positives. The high AUC value further indicates strong discrimination
capability between benign and malicious behaviors under varying thresholds.

5.2 Ablation Study

To assess the contribution of individual architectural components, an ablation study was
conducted by systematically removing or modifying key elements of the proposed GNN framework.
Three experimental variants were evaluated: (i) removal of the attention mechanism, (ii) replacement
of temporal modeling with a static graph approach, and (iii) selective feature removal.

Removing the graph attention mechanism resulted in a noticeable degradation in
performance, particularly in precision. Without attention, the model assigns equal importance to all
neighboring nodes and edges, reducing its ability to focus on high-risk interactions such as suspicious
lateral movements or vulnerability exploitation paths. This confirms that attention plays a crucial role
in prioritizing critical relationships within the cyber graph.

In the static versus temporal modeling experiment, replacing the Temporal Graph
Convolutional Network (T-GCN) with a static GCN led to a significant drop in recall. This outcome
demonstrates that temporal dependencies—such as gradual escalation of privileges or repeated probing
behavior—are essential for effective risk prediction. Static models fail to capture these evolving patterns,
leading to delayed or missed detections.

Finally, feature removal experiments showed that eliminating vulnerability-related
features (e.g., CVSS scores, CWE categories) or flow-level statistical attributes adversely affected model
performance. This highlights the importance of multi-source feature integration, where both
network behavior and vulnerability context jointly contribute to accurate risk prediction.
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Overall, the ablation study validates that each component of the proposed architecture is essential, and
their combination yields superior predictive performance.

5.3 Visualization of Learned Representations

To gain insights into the internal behavior of the proposed GNN model, we employed multiple
visualization techniques that illustrate how the model learns and utilizes graph representations for risk
prediction.

First, t-SNE plots of node embeddings were generated to project high-dimensional node
representations into a two-dimensional space. The visualizations reveal clear clustering between benign
and malicious nodes, with compromised hosts and vulnerable services forming distinct clusters. This
separation is significantly more pronounced in the proposed GNN compared to baseline models,
indicating stronger representation learning.

Second, attention heatmaps were used to visualize the attention weights assigned to nodes
and edges during inference. These heatmaps show that the model consistently assigns higher weights
to edges associated with known vulnerabilities, high-volume suspicious traffic, and repeated failed
connection attempts. This behavior aligns well with expert knowledge, enhancing the interpretability
and trustworthiness of the model.

Finally, graph snapshots of threat propagation were extracted at different time windows
to visualize how attacks evolve across the network. These snapshots demonstrate the model’s ability to
track threat diffusion paths, such as lateral movement from an initially compromised node to critical
assets. Such visualizations are valuable for security analysts, as they provide actionable insights into
attack progression rather than isolated alerts.

(a-SNE Clusters (b) Attention Heatmap  (c) Temporal Graph
— Separation of - High-risk Edges Snapshots -
Benign vs Malicious Highlighted Threat Propagaton Paths
Nodes

o.:‘:.o :.‘:{ :.o
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Figure 5: Visualization Summary
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Key Observations from Results

o Temporal and attention-aware GNNs significantly outperform traditional ML and static graph
models.

o The proposed framework achieves strong early threat detection with minimal false positives.

e Visualization techniques confirm that the model learns meaningful, interpretable cybersecurity
patterns.

6. Security Architecture Visualization

6.1 Visual Architecture of Risk Prediction Framework

The proposed cybersecurity risk prediction framework is structured as a multi-layered
architecture that enables seamless integration of data ingestion, graph modeling, graph neural
computation, and actionable alert generation. This architecture is designed to operate in real-time
environments such as Security Operations Centers (SOCs) and supports both batch and streaming data
modalities.

At the data ingestion layer, diverse cybersecurity data sources—including system logs,
firewall alerts, endpoint telemetry, and vulnerability databases (e.g., NVD, CVE feeds)—are
continuously collected. These raw data streams are funneled through Application Programming
Interfaces (APIs) and security orchestrators, which standardize and normalize input formats.
Security orchestrators also enforce data policies, control access, and perform protocol translations to
ensure secure, scalable, and policy-compliant data handling.

The graph construction layer transforms this ingested data into a structured graph
representation. Here, entities such as IP addresses, devices, user accounts, and software services are
represented as nodes, while interactions (e.g., logins, port scans, data transfers) are encoded as edges
with temporal and contextual attributes. This layer also integrates historical threat intelligence (e.g.,
prior attacks, known exploits) from data lakes, which serve as centralized repositories for labeled
training data and context enrichment.

Next, the GNN engine layer executes the core learning algorithm. Using a combination of
graph attention networks (GATSs) and temporal graph convolutions (T-GCNs), the engine captures both
structural and temporal dependencies in the attack surface. This layer is responsible for feature
extraction, graph embedding computation, and risk classification. Advanced message-passing
techniques allow the model to simulate potential threat propagation across the network, enabling early
detection of multi-stage or lateral movement attacks.

Finally, the risk alert layer translates model predictions into human-readable outputs for
cybersecurity analysts. These outputs include risk scores, node-level anomaly indicators, and
attack trajectory visualizations. Alerts are prioritized and pushed to STEM/SOAR platforms or
directly displayed on the SOC dashboard, facilitating rapid incident response and triage.

In summary, this end-to-end framework supports a data-driven, explainable, and scalable approach to
cybersecurity risk prediction. By combining real-time ingestion, graph-based modeling, and deep
neural reasoning, the architecture provides an adaptive layer of defense against both known and
emerging threats.
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6.2 Infographic: Real-Time Cyber Threat Pipeline

The real-time cyber threat pipeline represents the operational flow of data through the proposed
GNN-based risk prediction system. It is designed for rapid, automated detection and response within
enterprise security environments.

1. Log Sources: The pipeline begins with the continuous collection of security data from
heterogeneous sources, including intrusion detection systems (IDS), firewalls, antivirus
software, host-based logs, DNS queries, and vulnerability scanners. These sources generate
high-volume, high-velocity event data.

2. Preprocessing: This stage involves cleaning, parsing, and transforming raw data into
structured formats. It includes timestamp normalization, IP resolution, categorical encoding,
and feature vectorization. Preprocessing also involves resolving entity relationships, necessary
for graph instantiation.

3. Graph Neural Network (GNN): The preprocessed data is structured into dynamic graphs,
which are then passed through the GNN module. The model learns to identify patterns,
relationships, and anomalies that may indicate cybersecurity threats. Node embeddings are
computed and continuously updated to reflect new activity and behavioral drift.

4. Prediction: The GNN outputs a set of predictions, such as whether a specific node is
compromised, whether a communication edge is suspicious, or whether a multi-hop path
indicates a potential kill chain. The model assigns risk scores to each prediction and flags
high-risk entities.

5. SOC Dashboard: The final outputs are integrated into the Security Operations Center (SOC)
interface. Analysts receive visual and textual alerts, threat graphs, and confidence scores. This
allows for real-time threat hunting, incident triage, and automated playbook
triggering through SOAR systems.

This pipeline enhances situational awareness, reduces mean time to detection (MTTD), and
supports proactive cyber defense strategies. It exemplifies how GNNs can move beyond static rule-
based systems to enable adaptive, intelligent security analytics.

7. Conclusion and Future Work

Conclusion

This study presents a comprehensive framework for cybersecurity risk prediction using Graph
Neural Networks (GNNs), demonstrating their superior ability to model complex, relational
structures inherent in cyber environments. Unlike traditional machine learning models that treat
cybersecurity data as independent instances, GNNs leverage the graph-structured nature of
network activity, capturing the interactions between users, devices, vulnerabilities, and events over
time.

Through extensive experimentation on benchmark datasets such as CICIDS and CTU-13, the
proposed GNN architecture consistently outperformed baseline models across multiple metrics,
including precision, recall, and AUC-ROC. The integration of temporal graph convolutions
and attention mechanisms enabled accurate detection of both localized anomalies and coordinated,
multi-stage attack campaigns. The system also proved capable of visualizing threat propagation paths

3312

Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative
Commons Attribution License which permitsunrestricted use, distribution, and reproduction in any medium, provided
the original work is properly cited.



Journal of Information Systems Engineering and Management
2024, 9(4s)
e-ISSN: 2468-4376

https://jisem-journal.com/ Research Article

and assigning interpretable risk scores to individual entities, offering valuable insights for Security
Operations Centers (SOCs).

Furthermore, the modular design of the framework—spanning from real-time data ingestion to
threat visualization—makes it suitable for deployment within enterprise-scale security infrastructures.
By combining automated learning with graph-based reasoning, our approach supports a shift from
reactive security models to proactive, predictive cyber defense.

Future Work
While the results are promising, several important research directions remain to be explored:
1. Online Learning for Dynamic Graphs

In real-world cybersecurity systems, data arrives continuously and the underlying graphs
evolve rapidly. Future work will focus on integrating online and continual learning
capabilities into the GNN framework, allowing the model to update incrementally without full
retraining. This would improve adaptability to new threat patterns and behavioral drift.

2. Adversarial Robustness in GNNs

As GNNs gain traction in security applications, they become potential targets for adversarial
attacks, such as edge perturbation or node injection. Research is needed to develop robust
training mechanisms and defense strategies that ensure model resilience in adversarial
settings, particularly in high-stakes environments like national infrastructure or financial
systems.

3. Integration with Threat Intelligence Feeds

Current GNN models operate largely on structured telemetry and logs. Future enhancements
should include integration with real-time threat intelligence feeds (e.g., STIX/TAXII,
MITRE ATT&CK mappings, CVE databases), enabling the system to contextualize alerts with
up-to-date indicators of compromise (IOCs) and tactics, techniques, and procedures (TTPs).
This would also support zero-day threat detection through semantic enrichment of graph
inputs.

4. Explainability and Analyst-in-the-Loop Systems

Another critical direction involves enhancing the explainability of GNN decisions to build
trust among analysts. Techniques such as graph attention visualizations, counterfactual
analysis, and human-in-the-loop feedback loops can be incorporated to align model
outputs with human reasoning and operational workflows.

By advancing these areas, future iterations of GNN-based cybersecurity frameworks can evolve into
intelligent, adaptive, and robust platforms capable of defending against a rapidly expanding
threat landscape.
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