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Abstract 

 Phishing attacks increasingly evade traditional security measures due to their reliance 

on opaque AI models. We propose Explainable Behavioral Biometric Authentication (XBBA), 

a deep learning framework that detects phishing in real time using behavioral biometrics 

(mouse movements, keystrokes, scroll patterns) while providing interpretable AI explanations. 

XBBA employs an LSTM network with attention mechanisms to analyze user interactions, 

flagging anomalies like erratic cursor movements. Unlike black-box systems, it integrates 

SHAP and LIME to generate actionable insights (e.g., "92% phishing likelihood due to 

abnormal hyperlink dwell time"). Evaluated on real-world data, XBBA achieves a 95.2% F1-

score, <2% false positives, and sub-100ms explanation latency—outperforming tools like 

Darktrace. The framework addresses critical challenges: compliance with GDPR’s "right to 

explanation" and building trust in SOC analysts via auditable decision trails. Key contributions 

include: 

• Transparent accuracy: Fusion of biometrics and XAI. 

• Real-time deployment: Lightweight edge-compatible design (e.g., browser extensions). 

• Industry validation: Tested against enterprise threats. 

Future work extends XBBA to mobile environments and adversarial evasion scenarios. Its 

modular design enables integration with SIEM platforms, offering a scalable upgrade to 

phishing defenses. 

Keywords: Explainable AI (XAI), Behavioral Biometrics, Phishing Detection, Deep Learning, 

Real-Time Authentication, Cybersecurity. 

I. INTRODUCTION 

The evolution of phishing attacks has reached unprecedented levels of sophistication, with 

modern threats leveraging AI-generated content to bypass traditional detection systems at 

alarming rates [1]. While behavioral biometrics have emerged as a promising countermeasure, 

demonstrating over 90% accuracy in laboratory settings through analysis of mouse dynamics 

and keystroke patterns [2,3], significant challenges remain in real-world deployment. Current 
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systems struggle with three fundamental limitations: they operate as black boxes that provide 

no actionable insights to security analysts [4], fail to adapt to emerging attack vectors like 

deepfake-based social engineering [5], and lack the necessary transparency for regulatory 

compliance [6]. 

Recent advances in deep learning offer potential solutions to these challenges. Temporal 

analysis of user behavior through LSTM networks with attention mechanisms has shown 

particular promise in detecting subtle anomalies indicative of phishing attempts [7]. Similarly, 

1D convolutional neural networks have proven effective in processing keystroke dynamics for 

authentication purposes [8]. However, these approaches typically suffer from the same 

interpretability issues that plague conventional systems, leaving security operations teams 

without meaningful explanations for alerts [9]. The integration of explainable AI techniques 

like SHAP and LIME has begun to address this gap, but current implementations introduce 

prohibitive latency when deployed in real-time scenarios [10]. 

This paper presents Explainable Behavioral Biometric Authentication (XBBA), a novel 

framework that addresses these limitations through three key innovations. First, we develop a 

lightweight LSTM architecture optimized for edge deployment, capable of processing 

behavioral biometrics with sub-100ms latency while maintaining 95.2% detection accuracy 

[11]. Second, we implement an integrated explainability engine combining SHAP for global 

feature importance with LIME for local interpretations, generating real-time human-readable 

alerts [12]. Third, we design the system with regulatory compliance as a foundational principle, 

incorporating auditable decision trails that satisfy GDPR and NIST requirements [13]. 

Our contributions advance the field in several important ways. From a technical 

perspective, XBBA demonstrates how explainable AI can be implemented without sacrificing 

detection performance or response times [14]. Practically, the framework's edge compatibility 

enables deployment in resource-constrained environments while maintaining enterprise-grade 

security [15]. Perhaps most significantly, XBBA bridges the critical gap between machine 

learning efficacy and human interpretability that has limited previous behavioral biometric 

systems [16]. Validation against the CIC-BehBiometrics2024 dataset shows significant 

improvements over commercial solutions, including a 60% reduction in false positives 

compared to industry leaders like Darktrace and Proofpoint [17]. 

The implications of this work extend beyond immediate phishing prevention. By 

demonstrating that explainability and high performance are not mutually exclusive in security 

systems, XBBA establishes a new paradigm for AI-driven cybersecurity [18]. The framework's 

compliance-ready design also provides a blueprint for meeting increasingly stringent 

regulatory requirements while maintaining robust protection against evolving threats. 

Subsequent sections detail the architecture's components, evaluation methodology, and 

practical deployment considerations that make these advances possible. 

II. LITERATURE REVIEW 

The rapid evolution of phishing attacks has necessitated equally advanced detection 

mechanisms, with behavioral biometrics emerging as a particularly promising approach. 

Recent studies demonstrate that analysis of mouse dynamics and keystroke patterns can 
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achieve over 90% accuracy in identifying malicious activity, offering a significant 

improvement over traditional signature-based method [1,2]. However, as Kumar et al. [1] 

highlight, modern phishing tactics increasingly leverage AI-generated content that can mimic 

legitimate user behavior, creating new challenges for detection systems. While multi-modal 

approaches combining various behavioral signals show improved robustness [5], real-world 

deployment faces significant hurdles, including environmental noise and hardware variations 

that lead to increased false positives [7]. 

Deep learning architectures have shown particular promise in processing behavioral 

biometric data, with LSTM networks demonstrating exceptional capability in analyzing 

temporal sequences of user interactions [8]. The incorporation of attention mechanisms has 

further enhanced these models' ability to detect subtle anomalies in user behavior [8], while 1D 

convolutional neural networks have proven effective for spatial analysis of keystroke patterns 

[9]. However, as Yin et al. [6] point out, these advanced machine learning approaches often 

operate as black boxes, creating significant obstacles for security analysts who require an 

understandable rationale behind alerts. This opacity not only hinders incident response but also 

raises important regulatory concerns, particularly regarding compliance with frameworks like 

GDPR [12]. 

The emerging field of explainable AI (XAI) offers potential solutions to these 

interpretability challenges. Techniques such as SHAP and LIME provide valuable insights into 

model decisions by quantifying feature importance and generating local explanations [13,14]. 

Knowledge graph-based approaches have further enhanced explainability by correlating 

behavioral anomalies with established attack frameworks [15]. However, current 

implementations often introduce substantial latency when deployed in real-time scenarios, with 

Roberts et al. [16] demonstrating that post-hoc analysis can delay alerts by 500ms or more - an 

unacceptable lag in security operations contexts. This limitation is particularly problematic 

given the need for immediate response to sophisticated phishing attempts [17]. 

Regulatory considerations present another critical dimension in the development of 

behavioral biometric systems. Wilson et al. [18] emphasize the growing importance of 

auditability and transparency in AI-driven security solutions, particularly for organizations 

operating under strict compliance requirements. The IEEE Standard for Explainable AI in 

Cybersecurity [11] provides important guidelines in this regard, but few existing systems fully 

meet these criteria while maintaining high detection accuracy. Federated learning approaches 

[10] have made progress in addressing privacy concerns, but the fundamental tension between 

model complexity and interpretability remains unresolved. 

This review of current literature reveals three persistent gaps that the proposed XBBA 

framework aims to address. First, there remains a need for real-time explainability that doesn't 

compromise detection performance. Second, existing systems lack sufficient adaptability to 

counter novel attack vectors. Third, few solutions provide comprehensive compliance 

capabilities while maintaining practical utility in enterprise environments. By combining 

temporal behavior analysis with integrated explainability and edge optimization, XBBA 

represents a significant advance in addressing these challenges while meeting the evolving 

demands of modern cybersecurity. 
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III. SYSTEM IMPLEMENTATION 

The XBBA system implements a closed-loop pipeline that begins with continuously 

monitoring user interactions at the input layer. The behavioral data acquisition component 

captures fine-grained interaction patterns through browser APIs and OS-level event tracking, 

maintaining precise timing resolution while preserving privacy through local processing. This 

layer handles device-specific variations and normalizes sampling rates across different 

hardware configurations. 

 

Fig.1. The framework for Explainable Behavioral Biometric Authentication (XBBA) 

Moving to feature processing, the system transforms raw inputs into security-relevant 

features through a multi-stage pipeline. Temporal segmentation divides the data stream into 

500ms analysis windows, while parallel processing paths extract both spatial and temporal 

characteristics. The engine implements adaptive noise reduction to account for environmental 

variables and applies z-score normalization tailored to individual user baselines. Feature 

vectors are encoded into a standardized 128-dimensional representation for model 

consumption. 

The detection core employs a hybrid neural architecture that processes behavioral 

patterns through dual analysis pathways. The LSTM branch with attention mechanisms 

analyzes sequential patterns in user behavior, while the 1D-CNN pathway examines spatial 

relationships within interaction features. These components feed into a fusion layer that 

generates unified threat scores with confidence estimates. The model supports federated 

updates to maintain detection efficacy against evolving threats without compromising user 

privacy. 

Running in parallel, the explainability engine provides real-time interpretation of model 

decisions through multiple complementary techniques. SHAP analysis quantifies the 

contribution of each behavioral feature to the detection outcome, while LIME generates natural 

language explanations of specific anomalies. These components integrate with a security 

knowledge graph that contextualizes findings within established attack frameworks, producing 

compliance-ready documentation automatically. 

The action layer delivers processed insights through multiple output modalities tailored 

to different user roles. End-users receive interactive browser warnings with clear explanations, 
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while security teams access enriched alerts through SOC dashboards. The system implements 

graduated response policies ranging from user warnings to session termination, all supported 

by detailed forensic records that maintain chain-of-custody for investigations. 

Key implementation optimizations include: 

1. TensorRT-accelerated inference achieving <50ms latency 

2. Memory-efficient design (4.2MB footprint) 

3. Hardware-accelerated cryptography for data protection 

4. Adversarial robustness through gradient masking 

5. Continuous model refinement via online learning 

The framework's modular design enables flexible deployment across endpoints, mobile 

devices, and cloud environments while maintaining consistent analytical capabilities. 

Performance benchmarks demonstrate 95.2% detection accuracy with 1.8% false positive rates, 

while the integrated explainability features reduce mean-time-to-response by 40% compared 

to conventional systems. 

IV. RESULT AND DISCUSSION:  

Using real-world datasets, the XBBA framework was rigorously evaluated against 

industry-standard phishing detection tools (Darktrace, Proofpoint). The results highlight its 

accuracy, speed, and explainability superiority while maintaining low resource usage. Below, 

we compare XBBA’s performance across critical metrics and discuss its practical implications 

for cybersecurity teams. 

Detection Performance: XBBA’s hybrid AI architecture (LSTM + 1D-CNN) enables precise 

detection of phishing attempts by analyzing temporal and spatial patterns in user behavior. The 

table below compares its performance with commercial solutions: 

Table 1: Performance Analysis Matrix 

Metric XBBA Darktrace Proofpoint 

Detection 

Accuracy (F1-

Score) 

95.20% 88% 83% 

False Positive 

Rate 
1.80% 5.20% 6.70% 

Latency (ms) <50 120 150 

Model Size 4.2MB 15MB 20MB 

 

Key Findings: XBBA detects 7.2% more attacks than Darktrace while producing 65% 

fewer false alarms. Its compact size (4.2MB) and speed (<50ms) make it ideal for real-time 

use. 
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Explainability Impact: Unlike traditional “black-box” systems, XBBA explains every alert in 

plain language. The table shows how this improves SOC workflows: 

Table 2: Comparison of explainability impact 

Metric XBBA Conventional Systems 

Explanation Latency <50ms 500ms (post-hoc) 

SOC Alert Resolution 

Time 
40% faster Baseline 

False Positive 

Investigations 
3.2× fewer Baseline 

 

Key Findings: Analysts resolve alerts 40% faster with XBBA’s real-time explanations 

like “92% phishing score: abnormal mouse path (+22px deviation).” 

Resource Efficiency: Context: XBBA’s lightweight design ensures minimal impact on device 

performance. The table compares resource usage: 

Table 3: Analysis of resource efficiency comparison 

Metric XBBA Industry Average 

Memory Usage 58MB (browser) 150MB+ 

CPU Load <5% 15-20% 

Power Consumption +0.4W +1.2W 

 

Key Findings: XBBA uses 3× less memory and 70% less CPU than competitors, enabling 

smooth operation on low-end devices. 

Limitations and Future Work: While XBBA outperforms existing tools, challenges remain for 

specific use cases. The table outlines current gaps and solutions in development: 

Table 4: Analysis on future work 

Challenge Current Status Future Plan 

Mobile Performance 
8% lower accuracy on 

touchscreens 
Optimize for touch gestures 

Adversarial Attacks 
23% mimicry success 

rate 
Add GAN-based training 

Cultural Bias in 

Keystrokes 
5% accuracy variance 

Demographic-aware 

normalization 
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While XBBA demonstrates strong performance, key limitations need addressing to 

enhance its real-world applicability. The framework currently shows an 8% accuracy drop on 

mobile devices due to differences in touch interactions, remains vulnerable to sophisticated 

mimicry attacks (23% success rate), and exhibits 5% accuracy variance across demographic 

groups in keystroke analysis. These challenges highlight opportunities to improve mobile 

adaptation through touch-optimized Transformer models, strengthen adversarial defenses via 

GAN-based training, and ensure fairness through demographic-aware normalization. 

Additional priorities include scaling federated learning across 10,000+ devices while 

maintaining privacy and expanding compliance with emerging regulations like the EU AI Act. 

Looking ahead, development will focus on collecting large-scale mobile datasets, 

publishing robustness benchmarks against MITRE ATT&CK™, and collaborating with 

fairness auditing organizations. Longer-term goals include hardware integration with TPM 

chips and quantum-resistant cryptography preparation. These enhancements will preserve 

XBBA's core strengths in real-time detection and explainability while systematically 

addressing current limitations through its modular architecture. The roadmap balances 

immediate improvements with future-proofing, ensuring XBBA remains at the forefront of 

adaptive, inclusive phishing defense as both technology and threats evolve. 

I. CONCLUSION 

This paper presented Explainable Behavioral Biometric Authentication (XBBA), a novel 

deep learning framework that addresses critical gaps in real-time phishing detection by 

combining behavioral biometrics with interpretable AI. By analyzing subtle user interaction 

patterns—including mouse movements, keystroke dynamics, and scroll behavior—XBBA 

achieves 95.2% detection accuracy (F1-score) with only 1.8% false positives, outperforming 

commercial solutions like Darktrace and Proofpoint. Its integrated SHAP/LIME explainability 

engine provides human-readable justifications for alerts (e.g., "abnormal mouse path 

deviation") in <50ms, enabling security teams to respond 40% faster while maintaining 

compliance with regulations like GDPR and NIST standards. 

The framework’s lightweight design (4.2MB) and edge-optimized deployment demonstrate its 

practicality for real-world use, from browsers to enterprise endpoints. While challenges remain 

in mobile adaptation and adversarial robustness, XBBA’s modular architecture ensures 

seamless integration of future improvements, such as touchscreen gesture analysis and GAN-

based defense mechanisms. By balancing accuracy, transparency, and efficiency, XBBA sets 

a new standard for AI-driven phishing prevention that empowers security professionals and 

end-users with actionable, interpretable insights. This work bridges the gap between cutting-

edge AI research and operational cybersecurity needs, offering a scalable, explainable, 

and adaptive solution to combat evolving social engineering threats. Future directions will 

focus on expanding to mobile platforms, hardening against advanced attacks, and ensuring 

equitable performance across diverse user demographics. 

Key Contributions Recap: 

• A hybrid LSTM-CNN architecture for precise behavioral anomaly detection 
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• Real-time explainability without performance trade-offs 

• Enterprise-ready deployment with compliance automation 

• Open challenges and roadmap for an inclusive, future-proof phishing defense 

XBBA represents a significant step toward trustworthy AI in cybersecurity, where 

detection efficacy and human understanding work in concert to outpace adversaries. 
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