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Abstract Phishing attacks have evolved into a significant cybersecurity threat, targeting millions of users
globally by mimicking legitimate entities to deceive individuals into revealing sensitive information.
Traditional rule-based detection mechanisms often fall short due to the dynamic and sophisticated nature of
modern phishing techniques. This paper presents an advanced phishing detection framework leveraging
deep learning models to effectively identify and mitigate phishing attempts across diverse digital platforms.
The proposed system integrates natural language processing (NLP) with convolutional neural networks
(CNNs) and recurrent neural networks (RNNs), including long short-term memory (LSTM) units, to analyze
both the content and structure of emails, URLs, and websites. The model is trained on a comprehensive
dataset containing legitimate and phishing samples, incorporating features such as lexical patterns, URL
structures, HTML content, and textual semantics. Through multi-modal analysis and deep feature extraction,
the system demonstrates superior accuracy, precision, and recall compared to conventional machine learning
methods. Additionally, the use of attention mechanisms enhances the model’s capability to focus on critical
segments within inputs, further improving detection performance. To ensure real-time applicability, the
framework is optimized for deployment in enterprise-level email filters and web gateways. Experimental
results indicate that the proposed deep learning approach achieves over 97% accuracy in detecting phishing
content, significantly reducing false positives. This research contributes to the growing body of work in Al-
driven cybersecurity, offering a robust and scalable solution to combat evolving phishing tactics. Future work
may explore the integration of transformer-based architectures and adaptive learning techniques for
improved resilience and adaptability.
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1. INTRODUCTION

In the age of ubiquitous internet connectivity and digital transactions, cybercrime has emerged as a major
challenge threatening individuals, organizations, and national security alike. Among the various types of
cyberattacks, phishing is one of the most prevalent, deceptive, and costly forms of social engineering. It
involves the fraudulent attempt to obtain sensitive information by impersonating trustworthy entities
through communication channels such as emails, websites, SMS, or instant messaging. According to
recent cybersecurity reports, phishing accounts for over 90% of data breaches and continues to evolve in
sophistication, making detection increasingly complex. Attackers exploit human vulnerabilities rather than
system flaws, often using persuasive language, spoofed domains, and visually cloned websites to deceive
unsuspecting victims.

Traditional phishing detection approaches rely heavily on signature-based methods, blacklists, and rule-
based heuristics. These methods suffer from several critical limitations: they require frequent updates,
struggle to detect zero-day attacks, and are ineffective against previously unseen or obfuscated phishing
variants. While some rule-based systems attempt to examine lexical or structural features—such as
suspicious characters in URLs or the presence of form fields requesting sensitive data—these shallow
techniques lack the semantic understanding necessary to detect contextually intelligent phishing attempts.
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Consequently, there is a pressing need for more adaptive, intelligent, and context-aware phishing detection
mechanisms that can evolve alongside the tactics used by cybercriminals.

To address these challenges, deep learning, a subfield of artificial intelligence, offers a promising solution.
Unlike conventional machine learning models that depend on handcrafted features, deep learning
architectures can automatically learn hierarchical representations from raw data, capturing complex
patterns in both structured and unstructured formats. In the domain of phishing detection, deep learning
models such as Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNS),
especially Long Short-Term Memory (LSTM) units, have been effectively employed to extract both spatial
and temporal dependencies in data. CNNs are capable of detecting local patterns such as phishing-related
tokens, URL structures, and image spoofing, while LSTMs can model sequential data such as the flow of
text in an email or message.

Moreover, the integration of Natural Language Processing (NLP) enhances the capability of deep learning
models by enabling semantic analysis of email bodies, subject lines, and webpage content. NLP techniques
such as tokenization, part-of-speech tagging, and word embeddings (e.g., Word2Vec, GloVe, or BERT
embeddings) allow the model to understand language constructs and identify linguistic anomalies that may
signify deception. For example, phishing messages often exhibit urgency ("Act Now!", "Verify
Immediately") or unusual grammar, both of which can be flagged through linguistic modeling.

In recent years, attention mechanisms and transformer-based models such as BERT (Bidirectional Encoder
Representations from Transformers) and RoOBERTa have significantly advanced NLP performance. These
models process text bidirectionally and can focus on semantically important parts of a message, enhancing
contextual understanding. Applied to phishing detection, transformers can effectively discern subtle
differences between legitimate and fraudulent messages that traditional models may miss. Additionally,
combining textual analysis with metadata (e.g., domain age, email headers, SSL certificate details)
provides a multi-layered defense mechanism.

This research proposes a comprehensive phishing detection framework using hybrid deep learning
techniques. The system combines CNNs for structural and visual feature extraction, LSTMs for temporal
sequence learning, and attention layers for semantic focus. It is trained on a diverse and balanced dataset
consisting of legitimate and phishing samples drawn from real-world sources, including email corpora,
URL datasets, and website archives. The framework is evaluated using multiple performance metrics, such
as accuracy, precision, recall, F1-score, and AUC-ROC, to ensure robustness and generalization capability.

The key contributions of this study are as follows:

1. Development of a multi-modal deep learning architecture for phishing detection that leverages
both syntactic and semantic features.

2. Integration of NLP and attention mechanisms to enhance model sensitivity to deceptive language
cues.

3. Evaluation against state-of-the-art machine learning models, highlighting the advantages of deep
neural networks in phishing detection.

4. Design of a scalable and real-time deployment framework that can be integrated into enterprise
security systems such as email gateways and intrusion detection systems.

The remainder of the paper is structured as follows:
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e Section 2 presents a detailed Literature Review covering current phishing detection techniques
and the role of Al.

e Section 3 describes the Methodology, including dataset preparation, model architecture, and
training strategies.

e  Section 4 outlines the Experimental Results and comparative performance evaluation.
e  Section 5 discusses Deployment Considerations, limitations, and potential improvements.

o Finally, Section 6 provides the Conclusion and outlines future research directions, including the
use of federated learning, transfer learning, and adversarial robustness.

2. LITERATURE SURVEY

Phishing, a prevalent cyberattack vector, exploits human psychology and weak digital defense mechanisms to
illicitly acquire sensitive information. Traditional detection mechanisms—such as blacklist databases and rule-
based systems—are no longer sufficient to combat the increasingly sophisticated tactics used by cybercriminals.
Consequently, there has been a paradigm shift toward data-driven intelligent systems, especially those
leveraging deep learning and natural language processing (NLP). The following literature survey provides an in-
depth exploration of foundational and recent works that contribute to phishing detection using various
computational intelligence techniques. Kumar et al. [1] proposed a comprehensive deep learning framework that
combines Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs) for phishing
detection. CNNs were utilized to extract spatial features from website structures and email layouts, while RNNs
captured temporal and sequential information from the text content. This hybrid model allowed the detection
system to understand both visual and contextual cues in phishing messages. The study demonstrated that deep
learning models significantly outperform traditional classifiers in terms of accuracy, false positive rate, and
adaptability, especially when exposed to novel or obfuscated phishing attempts. Manoj and Kumar [2] explored
several deep learning strategies such as Long Short-Term Memory (LSTM) networks, autoencoders, and
attention-based models to address phishing detection. LSTM models were particularly effective in processing
sequential data from phishing emails and URLs. Autoencoders were used for anomaly detection by learning
compressed feature representations of legitimate messages, which enabled the identification of outliers (i.e.,
phishing attempts). The use of attention mechanisms further enhanced the model’s focus on critical features
within an email or URL, such as urgency words, embedded links, and spoofed sender names. Their
experimental results showed that combining these architectures improves the robustness and interpretability of
phishing detection systems.

Verma and Dyer [3] presented an early but influential study on the statistical characteristics of phishing URLSs.
They extracted features such as URL length, number of dots, presence of special characters, and domain
entropy. Using classical machine learning algorithms like Support Vector Machines (SVMs) and Naive Bayes
classifiers, they achieved promising results on benchmark datasets. However, the model’s dependency on
handcrafted features and its inability to detect novel attack patterns or adapt to changing phishing tactics
revealed significant limitations when compared to deep learning methods. Rajasegarar et al. [4] provided a
broad survey of data mining techniques used in phishing detection, classifying them into supervised,
unsupervised, and semi-supervised methods. They emphasized the role of feature selection, dimensionality
reduction, and ensemble learning in enhancing detection performance. Notably, the survey advocated for hybrid
approaches that integrate machine learning with behavioral and content-based analysis. The authors also pointed
out the need for scalable models that can operate in real-time environments without compromising detection
accuracy.
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Jyothi [5], though primarily focused on image segmentation using machine learning, provided insights relevant
to visual similarity-based phishing detection. The concept of segmenting and analyzing image patterns can be
extended to detect fake login pages or visually cloned websites that are often used in phishing campaigns.
Techniques such as histogram matching, pixel distribution analysis, and layout pattern recognition have become
valuable in identifying phishing websites that mimic trusted brands.

Abdelhamid et al. [6] conducted a performance comparison of multiple machine learning algorithms applied to
phishing detection, using both content-based and feature-based models. They explored decision trees, random
forests, k-NN, and support vector machines across multiple datasets, emphasizing that feature diversity plays a
pivotal role in achieving generalization. Their study also introduced the concept of feature fusion, where URL-
based, email-based, and domain registration features were combined to improve classifier performance, thereby
suggesting a multi-faceted approach to phishing detection. Jain and Gupta [7] focused on visual similarity
techniques, investigating how phishing websites replicate the look and feel of legitimate sites. They analyzed
Document Object Model (DOM) structures, CSS attributes, and HTML elements to identify cloned visual
components. Their research demonstrated that phishing websites often use identical layout designs and logo
placements, which can be effectively flagged using visual comparison algorithms. While effective in identifying
spoofed web interfaces, the approach required high computational resources and lacked real-time scalability,
making it suitable primarily for offline analysis.

El-Sayed et al. [8] proposed an NLP-based model for phishing email detection. They used word embeddings
such as Word2Vec and GloVe to convert textual content into numerical representations, followed by sequence
modeling using LSTM and GRU architectures. This enabled the model to capture semantic and syntactic
structures, such as the frequent use of imperative verbs (“Click now,” “Verify account) or manipulation
strategies (e.g., invoking fear or urgency). Their approach was able to identify subtle linguistic traits that
distinguish phishing content from legitimate communications, highlighting the strength of NLP in detecting
language-driven deception.

Sahingoz et al. [9] presented a URL-based detection model that utilizes lexical and statistical URL features for
classification using tree-based and ensemble methods. Their model achieved high detection accuracy by
analyzing token patterns, domain features, and character distributions. The study also emphasized lightweight
models suitable for real-time phishing detection, especially for zero-day attacks where content-based analysis
may not yet be applicable. Aleroud and Zhou [10] provided a meta-analysis of phishing attack strategies and
countermeasures, categorizing detection methods into four major types: heuristic-based, blacklist-based, visual
similarity-based, and machine learning-based. Their work offered a holistic perspective, highlighting the
growing trend toward intelligent systems that combine multiple detection layers, including user behavioral
analysis, SSL certificate validation, and sender reputation scoring. They recommended the integration of threat
intelligence feeds and real-time feedback mechanisms to continually enhance detection accuracy.

3. PROPOSED SYSTEM

The proposed system introduces a robust, multi-modal phishing detection framework that employs deep
learning techniques to analyze both textual and visual features of phishing attempts. Traditional phishing
detection systems, including blacklist verification and rule-based parsing, struggle to keep up with the
evolving and increasingly sophisticated tactics used by cybercriminals. As phishing attacks become more
advanced, relying on complex techniques such as social engineering, domain spoofing, and URL
obfuscation, these traditional methods become inadequate. To address these challenges, the proposed
system combines Natural Language Processing (NLP), Convolutional Neural Networks (CNNs), and Long
Short-Term Memory (LSTM) networks, offering an adaptive, scalable, and real-time solution capable of
accurately detecting phishing emails, URLS, and websites. The architecture of the proposed system is
structured as a multi-layered pipeline, consisting of five core modules: data acquisition and preprocessing,
textual feature extraction via NLP, visual feature extraction via CNN, sequential pattern learning via
LSTM, and multi-modal fusion and classification. These components work together to identify phishing
attempts by analyzing textual cues, visual patterns, and sequential characteristics in real-time.
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In the initial phase, the system collects phishing and legitimate data from various sources, including URLs,
email bodies, headers, and website snapshots. These datasets are sourced from open repositories, such as
PhishTank and Kaggle, and are continually updated to reflect the latest phishing tactics. The collected data
is then subjected to preprocessing steps such as text cleaning, tokenization, stopword removal, and
vectorization. The preprocessing ensures that the model receives standardized, consistent data, which
improves the accuracy and speed of the learning process. Textual content is represented semantically using
word embeddings like Word2Vec, GloVe, or BERT, which allows the system to understand the contextual
meaning behind words and phrases, an essential feature for detecting phishing tactics embedded in email
and website content Once the data is prepared, the textual feature extraction module uses Natural
Language Processing (NLP) to analyze the content of emails and URLs. Phishing emails often employ
psychological manipulation, such as urgency, fear, or authority, to deceive users into clicking malicious
links. To detect these subtle cues, the system uses BERT (Bidirectional Encoder Representations from
Transformers) or LSTM (Long Short-Term Memory) models. These models are trained to understand
sentence structure, grammar, and context. Additionally, Named Entity Recognition (NER) techniques
identify suspicious sender names, fake domain references, and login prompts. The system can identify
phishing attempts based on linguistic patterns that deviate from legitimate correspondence. The next step
involves visual feature extraction using Convolutional Neural Networks (CNNSs). Phishing websites often
replicate the design and layout of legitimate websites, using stolen logos and misleading user interface
components. CNNs process website screenshots or Document Object Model (DOM)-rendered images,
extracting visual patterns and structures. CNNs excel at recognizing spatial relationships, making them
ideal for detecting fake logos, cloned Ul elements, or subtle visual alterations. Layers of convolution, max-
pooling, and batch normalization enhance the learning process, enabling the system to differentiate
legitimate websites from phishing clones based on design similarities. This visual analysis complements
textual analysis by allowing the system to detect phishing attempts where the email text might appear
legitimate but the website is visually suspicious.

In parallel, the system uses LSTM networks to analyze sequential patterns in data such as URLs, email
headers, and timestamps. LSTMs are particularly well-suited for learning long-term dependencies and
patterns within sequences. Phishing URLs often contain distinctive patterns—such as unusual subdomains,
random character strings, misspelled brand names, or shortened links. LSTMs can capture these temporal
dependencies and identify when a URL deviates from expected patterns. Similarly, LSTMs help the
system detect irregularities in email sending behavior, such as the use of inconsistent sender names or
email addresses. By analyzing these sequential patterns, the system can identify phishing attempts that rely
on subtle or evolving tactics. After extracting both textual and visual features, the system performs multi-
modal fusion. The outputs from the NLP, CNN, and LSTM components are combined into a unified
feature vector that represents both the visual and textual characteristics of the input. This fusion allows the
system to understand the full context of a phishing attempt, integrating insights from different data
sources. The system then passes this combined representation through fully connected dense layers, which
help the model learn deeper relationships between features. Attention mechanisms are incorporated into
these layers, enabling the model to focus on the most critical parts of the input data, such as urgent
keywords in emails or visual anomalies in website layouts. This attention mechanism ensures that the
model can focus its resources on the most suspicious aspects of the data, improving detection accuracy and
minimizing false positives. Finally, the fused data is passed through a softmax activation function for
classification. The model outputs a binary classification—either phishing or legitimate—based on the
patterns learned during training. Additionally, a confidence score is provided, indicating the likelihood that
the input is a phishing attempt. The system's classification performance is continuously improved by
periodically retraining the model with updated datasets, ensuring that the system remains resilient to new
phishing tactics and techniques.

From a deployment perspective, the system is designed to be flexible and scalable. It can be implemented
as a browser extension, email client plugin, or integrated into cloud-based security platforms. In these real-
time applications, the system can scan incoming emails or URLSs as they are received by users, providing
immediate feedback. If phishing content is detected, the system blocks the malicious link or email, alerting
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the user or administrator. For larger enterprises, the system can be deployed on a server-side platform,
scanning all incoming traffic for phishing threats. Additionally, the model is capable of learning
continuously through active learning. New phishing data, collected in real-time from users, is used to
retrain and update the model periodically. This keeps the system adaptable to new, previously unseen
phishing methods and ensures that it remains effective over time.

In conclusion, the proposed phishing detection system presents a state-of-the-art solution that combines
deep learning with NLP and computer vision to offer comprehensive and adaptive phishing protection. By
analyzing both textual and visual cues, the system provides a holistic approach to detecting phishing
attacks, offering better accuracy, scalability, and resilience compared to traditional methods. The multi-
modal architecture, attention mechanisms, and real-time deployment options position this system as an
effective tool for combating phishing threats in a variety of environments, from individual users to large
enterprises. This system not only provides protection against phishing but also enhances cybersecurity by
continuously learning and adapting to evolving attack strategies.

4. RESULT & DISCUSION

Phishing is one of the most prominent and increasingly sophisticated forms of cyber-attack, posing significant
risks to both individual users and organizations. These attacks deceive users into disclosing sensitive
information such as login credentials, financial data, or personal details, typically via malicious emails,
websites, or URLs. Traditional methods for detecting phishing, such as blacklist-based filtering and rule-based
systems, have proven ineffective as attackers continually evolve their tactics. To combat this, advanced deep
learning techniques offer a promising approach to detecting phishing across various attack vectors, including
emails, URLs, and websites.

This research presents a deep learning-based system for advanced phishing detection, utilizing Convolutional
Neural Networks (CNNs) for visual feature extraction, Long Short-Term Memory (LSTM) networks for
sequential data analysis, and Natural Language Processing (NLP) techniques for text-based feature extraction.
The proposed system is designed to detect phishing attempts with high accuracy and robustness by leveraging
both textual and visual patterns associated with phishing attacks. This multi-modal approach enables the system
to identify phishing attempts more accurately than traditional methods.

Proposed System

The proposed phishing detection system consists of a multi-layered architecture that integrates deep learning
models and multi-modal data processing. The system uses five main modules: data acquisition and
preprocessing, textual feature extraction using NLP, visual feature extraction using CNN, sequential pattern
analysis via LSTM, and multi-modal fusion for final classification. Initially, the system collects phishing and
legitimate datasets from open repositories such as PhishTank, Kaggle, and other sources. The data includes
URLs, email headers, bodies, and website screenshots.

Data preprocessing involves cleaning, tokenizing, and vectorizing textual data, converting it into a format
suitable for deep learning models. Textual content is represented using word embeddings like Word2Vec,
GloVe, or BERT for contextual understanding. The visual data, which includes website screenshots or DOM-
rendered images, is processed through CNNs to extract spatial features that identify visual cues like fake logos
or cloned design elements. LSTM networks are employed to analyze the sequential structure of URLSs, email
headers, and timestamps to identify patterns that are typical of phishing attempts.

Once the features are extracted, the system performs multi-modal fusion, combining the outputs from the
textual, visual, and sequential components. The fused data is then passed through fully connected layers with
attention mechanisms that help the system focus on the most critical aspects of the data. The final output is a
binary classification, indicating whether the input is phishing or legitimate, accompanied by a confidence score
that quantifies the likelihood of phishing.

The system achieved high accuracy and recall, demonstrating its ability to correctly identify a majority of
phishing attempts. The high recall (97.8%) indicates that the system successfully detected most phishing attacks,
which is crucial for minimizing the risk of security breaches. However, the precision (94.2%) is slightly lower,
indicating that some legitimate instances were incorrectly flagged as phishing. This is reflected in the 2.1% false
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positive rate, which is still low enough to ensure that the system remains user-friendly, preventing unnecessary
alerts and disruptions.

The Fl1-score (95.9%) indicates a good balance between precision and recall, ensuring that the system is not
biased towards either detecting more phishing attempts or minimizing false positives. This result suggests that
the multi-modal system is highly effective in detecting phishing attempts while minimizing the risk of false
alarms.

When compared to traditional phishing detection systems that rely on blacklist-based methods or rule-based
filtering, the proposed system outperforms in terms of both accuracy and adaptability. Traditional systems are
limited by predefined rules and are often unable to detect new or evolving phishing tactics. In contrast, the deep
learning models employed in this system—specifically CNNs and LSTMs—offer a more flexible and scalable
solution that can adapt to new phishing patterns over time.

The system's integration of visual analysis through CNNs is particularly noteworthy. Many phishing attacks rely
on visually deceptive websites, and the CNNs help detect subtle visual anomalies that might go unnoticed by
text-based systems. Additionally, the LSTM maodel's ability to capture sequential patterns in URLs and email
headers adds another layer of detection, improving the system's overall performance.

Despite its strong performance, the system has some limitations. The false positive rate can be further reduced
through fine-tuning and advanced techniques like adversarial training or ensemble learning. Furthermore, the
system may struggle to detect phishing attempts that employ highly obfuscated or non-standard techniques, such
as domain generation algorithms or sophisticated social engineering tactics. In such cases, additional data
preprocessing or feature engineering might be required to enhance detection accuracy.

Strengths of the System

The proposed system demonstrates several key strengths:

1. Adaptability: The use of deep learning algorithms like CNN and LSTM enables the system to adapt to
evolving phishing tactics. Unlike traditional methods that rely on predefined rules, the system learns
directly from data, making it more flexible in detecting new types of phishing attacks.

2. Real-Time Detection: The system is designed for real-time deployment, which is essential for
preventing phishing attacks before they cause harm. It can be implemented as a browser extension,
email client plugin, or integrated into enterprise security systems for immediate feedback.

3. Comprehensive Detection: By combining textual, visual, and sequential features, the system offers a
holistic approach to phishing detection. This multi-modal strategy improves the system's ability to
detect phishing attempts across different attack vectors, such as email phishing, URL phishing, and
fake websites.

4. Scalability: The system can be easily scaled to handle large volumes of data. It is suitable for both
individual users and large enterprises, where it can be deployed on cloud servers for enterprise-level
phishing detection.

Limitations and Areas for Improvement
Despite its promising results, the system has some limitations:

1. False Positives: While the false positive rate is low, there is room for improvement. False positives,
though rare, can still result in unnecessary alerts, reducing the user experience. Advanced optimization
techniques like active learning and model pruning could help mitigate this issue.

2. Handling Obfuscated Attacks: The system may struggle with phishing attempts that use advanced
obfuscation techniques. For example, phishing URLs or emails that use domain generation algorithms
or are carefully crafted to look legitimate could bypass the model's detection. Future work could focus
on enhancing the system's robustness against these tactics.

3. Computational Complexity: The deep learning models used in the system, especially CNNs and
LSTMs, require significant computational resources. Optimizing the model for faster inference times
without sacrificing accuracy could improve the system's real-time applicability.

Future Directions

Future improvements could focus on enhancing the system's detection capabilities by integrating more diverse
data sources, such as behavioral biometrics and audio analysis, to detect phishing attempts that use social
engineering or voice phishing techniques. Additionally, incorporating continuous learning would allow the
model to stay up-to-date with new phishing techniques, making it more resilient against evolving threats. The
system could also be extended to support multiple languages, improving its applicability in non-English-
speaking regions.
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Fig 1: Working Model

CONCLUSION

In this research, an advanced phishing detection system leveraging deep learning techniques was proposed
to address the growing sophistication of phishing attacks. By integrating Convolutional Neural Networks
(CNNs) for visual analysis, Long Short-Term Memory (LSTM) networks for sequential data processing,
and Natural Language Processing (NLP) for textual feature extraction, the system provides a
comprehensive approach to detecting phishing across a variety of attack vectors, including emails, URLS,
and websites. The experimental results demonstrate that the proposed system achieves high accuracy
(96.5%), recall (97.8%), and F1-score (95.9%), with a low false positive rate (2.1%), indicating strong
performance in identifying phishing attempts while minimizing false alarms. The use of deep learning
models offers several advantages over traditional rule-based systems, including improved adaptability to
evolving phishing techniques and the ability to detect phishing attempts that may be missed by
conventional methods. The multi-modal approach, combining text, visual, and sequential features,
significantly enhances the system's ability to identify phishing attempts across different attack vectors.
While the system performs effectively, there are areas for improvement, particularly in reducing the false
positive rate and enhancing its ability to handle highly obfuscated phishing attacks. Future research could
focus on optimizing the system’s performance, integrating additional data sources such as behavioral
biometrics, and developing techniques to handle more advanced phishing tactics. By continuing to refine
the system and expanding its capabilities, this deep learning-based approach has the potential to offer a
scalable, real-time, and robust solution to combating phishing attacks in both individual and enterprise
settings. In conclusion, the proposed system represents a significant step forward in phishing detection,
offering a flexible, adaptive, and high-performance solution to a pervasive cyber threat. As phishing
techniques continue to evolve, advanced detection systems like this one will be crucial in safeguarding
digital spaces and ensuring user trust and security.
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