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Abstract

Phishing is one of the most prevalent forms of cyberattacks that exploit human psychology to deceive individuals
into divulging sensitive information such as financial data, login credentials, or personal identifiers. Typically
executed through emails, text messages, or phone calls, phishing attacks employ social engineering tactics to
impersonate legitimate entities and manipulate recipients into taking malicious actions—such as clicking on
fraudulent links, downloading infected attachments, or submitting confidential information on counterfeit
websites. This project focuses on the detection and analysis of phishing emails using cybersecurity tools integrated
with Python scripting. Python provides an efficient and flexible environment for implementing email parsing,
feature extraction, and pattern recognition techniques to identify malicious indicators, such as suspicious URLs,
sender anomalies, and embedded scripts. The study leverages cybersecurity libraries and APIs to classify and
block phishing attempts, thereby enhancing email security. The proposed system aims to automate phishing email
detection, reduce human error, and strengthen cybersecurity awareness. The integration of Python scripting with
security analysis tools demonstrates an effective and scalable approach to mitigating phishing threats in digital
communication networks.

Keywords: Phishing, Cybersecurity, Python Scripting, Email Analysis, Social Engineering, Threat Detection,
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I. INTRODUCTION

Phishing is one of the most widespread and evolving forms of cybercrime that relies on deception and
psychological manipulation to compromise sensitive user information. In a typical phishing attack, cybercriminals
impersonate trusted entities such as banks, government agencies, or reputable organizations to trick individuals
into revealing credentials, downloading malicious attachments, or clicking on fraudulent links. As noted by Das
et al. [1], phishing remains a critical cybersecurity challenge because it exploits human trust rather than technical
vulnerabilities, making it difficult to detect through traditional security mechanisms. Such attacks have grown
more sophisticated with the rise of digital communication, resulting in financial losses, identity theft, and data
breaches across organizations and individuals.

The effectiveness of phishing lies in its ability to bypass conventional technical defenses by manipulating human
psychology. Attackers employ various communication channels, including emails, SMS messages, and cloned
websites, to deceive unsuspecting users. Gupta et al. [17] emphasize that combating phishing requires both
technical and behavioral countermeasures—such as automated detection systems, awareness programs, and
intelligent filtering mechanisms. Machine learning and artificial intelligence have recently emerged as promising
approaches to analyze and identify phishing attempts, particularly when combined with large datasets and
automated feature extraction. Studies by Tang and Mahmoud [14] and Mukherjee et al. [3] highlight how Natural
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Language Processing (NLP) and pattern-recognition algorithms can detect linguistic and structural anomalies
within phishing content, improving early detection accuracy.

Python scripting has become a preferred choice for implementing phishing-email analysis systems due to its
simplicity, scalability, and extensive cybersecurity libraries. As discussed by Almomani et al. [4], effective
phishing detection involves multi-layered techniques, including URL analysis, content inspection, and heuristic
filtering. Python’s integration with cybersecurity APIs enables developers to automate these tasks—parsing email
headers, extracting URLs, scanning attachments, and correlating data against known threat databases such as
PhishTank [20]. This integration facilitates real-time detection and response, enhancing the overall resilience of
digital communication systems.

The primary goal of this project is to design and implement a phishing-email analysis framework using
cybersecurity tools integrated with Python scripting. The system aims to identify and block fraudulent emails by
leveraging both heuristic and machine-learning-based detection approaches. Furthermore, the project seeks to
provide insights into how automation can reduce user susceptibility and enhance organizational security posture.
By combining intelligent algorithms, data analytics, and Python-based cybersecurity techniques, this research
contributes to the ongoing effort to mitigate phishing threats and build a safer digital ecosystem.

The organization of this document is as follows. In Section 1 (Introduction), an overview of phishing attacks,
their impact on cybersecurity, and the objectives of the study are presented. In Section 2 (Literature Survey), a
detailed review of previous research works related to phishing email detection and cybersecurity tools is discussed.
In Section 3 (Design Methodology), the overall system design, architecture, and analytical approach used in this
research are described, including various UML diagrams and workflow processes. In Section 4 (Simulation
Results and Analysis), the experimental outcomes and performance evaluation metrics such as precision, recall,
and Fl-score are presented and analyzed. Finally, in Section 5 (Conclusion and Future Scope), the paper
concludes by summarizing the major findings of the work and suggesting future improvements for enhancing
phishing detection and cybersecurity systems.

II. LITEARTURE SURVEY

Phishing remains a dominant social-engineering threat that leverages deceptive communication (primarily email)
to harvest credentials, financial data, or to distribute malware. The literature on phishing is broad, covering
empirical analyses of phishing ecosystems, heuristic and rule-based detection, URL-based and webpage analyses,
natural language processing (NLP) applied to email text, and machine-learning (ML) pipelines for automated
detection. The works listed below provide complementary perspectives — foundational surveys and taxonomies,
focused studies on URL and website detection, NLP-based email techniques, and evaluations of tools and datasets
— that together map the current state of knowledge and highlight open problems.

A. Comprehensive Surveys & Reexaminations

Das et al. [1] present a Systematization of Knowledge (SoK) that reexamines phishing research from a security
perspective, synthesizing threat models, attack lifecycles, detection techniques, evaluation methodologies, and
operational challenges. Their work is valuable for framing phishing as an adversarial process with multiple
evasion strategies, and for emphasizing rigorous threat modeling and metrics.

Almomani et al. [4], Khonji et al. [16], and Aleroud & Zhou [11] provide earlier wide-angle surveys that classify
phishing detection techniques (heuristic, blacklist/whitelist, URL analysis, content analysis, and ML-based
approaches) and discuss limitations like dataset bias, lack of real-time constraints, and evaluation gaps. Gupta et
al. [17] and Gupta et al. [18] add perspective on practical defenses, taxonomy of countermeasures, and future
research directions, underscoring human factors and usability issues alongside technical defenses.

Qabajeh et al. [15] contrast conventional manual techniques with automated solutions, offering a critique of
evaluation practices and advocating for standardized benchmarks. Together, these surveys form the backbone for
understanding historical trends, common evaluation pitfalls, and high-level taxonomies.
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B. URL- and Webpage-based Detection

A significant strand of research focuses on URL and webpage features as lightweight indicators of phishing. Sahoo
et al. [7] and Vadariya & Jadav [6] survey malicious URL detection using ML, outlining feature sets (lexical,
host-based, WHOIS, and content-derived features) and common ML models. Silva et al. [9] and Aung et al. [8]
review heuristic and URL-based strategies, noting strengths in speed and deployability but limitations when
attackers use URL shorteners, homoglyphs, or compromised domains.

Mohammad et al. [12] and Varshney et al. [13] examine technical mechanisms used by phishing sites (cloaking,
fast flux, domain squatting) and catalog methods to analyze page content and structure. Overall, URL-based
approaches are efficient and suitable for early filtering, yet require robust features and adaptation to adversarial
domain tactics.

C. NLP and Email Content Analysis

Several contemporary works apply NLP and text analytics to email bodies, headers, and metadata. Mukherjee et
al. [3], Salloum et al. [5], and Sharma [2] survey or propose NLP-driven pipelines for feature extraction (bag-of-
words, TF-IDF, semantic embeddings), stylistic analysis, and sequence models to capture persuasion cues and
lexical anomalies. These studies show promising detection gains when combining header, body, and URL features,
but they also highlight challenges such as multilingual emails, short spoofed texts, and adversarially crafted
content designed to mimic legitimate writing.

The literature points to hybrid models—combining lexical/textual signals with structural/URL features—as more
robust than any single-source approach. However, many studies rely on curated datasets that may not reflect
evolving real-world distributions.

D. Machine Learning, Heuristics, and Hybrid Methods

Many papers (e.g., Khonji et al. [16], Satane & Dasgupta [10], and the ML surveys [7,14]) review ML models
used for phishing detection: classical classifiers (Naive Bayes, SVM, Random Forest), ensemble methods, and
more recent deep learning architectures. Tang & Mahmoud [14] and the ArXiv survey by Sahoo et al. [7] focus
on ML for phishing website detection and the role of feature engineering versus end-to-end learning.

Heuristic and rule-based strategies (Silva et al. [9], Almomani et al. [4]) still play a role in practical systems—
especially where interpretability and low-latency decisions are required. The literature suggests hybrid systems
that fuse heuristics, blacklists, and ML classifiers deliver the best operational performance under real-world
constraints.

E. Datasets, Benchmarks, and Tools

PhishTank [20] is widely cited as a community-driven repository used by many studies for labeled phishing URLs.
Other works critique the heterogeneity and time-sensitivity of datasets (domain take-downs, ephemeral phishing
pages) and call for standard benchmarks and realistic evaluation protocols (time-aware splits, adversarial tests).
Das et al. [1] explicitly stress the need for reproducible and adversarially realistic evaluation.

F. Gaps, Challenges, and Future Directions
Across these surveys and focused studies several recurrent gaps emerge:

. Dataset drift and evaluation realism: Many studies use static or outdated datasets; phishing campaigns
evolve quickly, so time-aware evaluations and continual learning are required. (Noted in [1], [7], [12].)

. Adversarial robustness: Attackers can manipulate lexical features, craft deceptive URLs, or use
compromised legitimate domains to evade detectors — calling for adversarial-aware defenses. ([1], [9], [13].)

. Multimodal fusion and explainability: Combining URL, header, network, and NLP features improves
detection but increases complexity; explainable decisions are critical for deployment and user trust. ([3], [4],[16].)
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. Real-time constraints and deployment: Lightweight detection suitable for mail gateways and on-
device checks remains a practical requirement. ([4], [9].)

. Human factors: Training and usable warnings matter; technical detection must be paired with education
and usable interfaces to reduce click-throughs. ([17], [18].)

G. Relevance to This Project

The surveyed literature indicates that an effective phishing-email analysis system should: (1) combine URL/host
features with NLP-derived textual features, (2) use machine learning ensembles for balanced accuracy and
robustness, (3) evaluate with time-sliced and adversarially augmented datasets (e.g., PhishTank plus synthetic
variants), and (4) include explainability and low-latency heuristics for gateway deployment.

III. DESIGN METHODOLOGY

All paragraphs must be justified Phishing email analysis involves systematically studying the structure, content,
and behavior of suspicious emails to identify potential indicators of malicious intent. The methodology focuses
on analyzing the sender’s identity, message structure, embedded links, and attachments to detect deceptive
patterns used by attackers. Phishing emails often contain suspicious domain names, urgency-driven language, fake
branding elements, grammatical errors, and malicious hyperlinks designed to mislead recipients. Through Python
scripting and cybersecurity tools, these elements can be programmatically extracted, analyzed, and categorized to
automate phishing detection and mitigation.

A. Phishing Attack Flow

The phishing attack flow (Figure 1) outlines the step-by-step process of how attackers deceive users into divulging
confidential information. The attacker first uploads a phishing kit to a malicious website and then sends deceptive
emails to victims. When victims open the email and click on the embedded link, they are directed to a phishing
site that mimics a legitimate login page. Once victims enter their credentials, these are sent back to the attacker,
who harvests and reuses them for malicious purposes.

Steps involved in the phishing attack flow:

1. The attacker uploads the phishing kit to a malicious or compromised website.

2. A phishing email is sent to the victim.

3. The victim visits the fake phishing page through a fraudulent link.

4, Stolen credentials are sent to the attacker’s command-and-control (C&C) server.
5. The attacker harvests and stores new credentials for exploitation.

[ Data Collection ]

1

[ Feature Extraction ]

1

[ Model Training ]

1

[ Email Filtering ]

Figure 1: Phishing Attack Flow
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B. Elements of a Phishing Email

Phishing emails typically contain one or both of the following: a link or an attachment. Attackers design these
elements to provoke user interaction, often using psychological manipulation or brand impersonation.

Subject Line

The subject line is the most crucial element of a phishing email. It often conveys urgency, fear, or temptation to
make the recipient open the email. Attackers may personalize the subject line using data from previous breaches
or public information.

Email Spoofing

Email spoofing occurs when attackers forge the sender’s address to make the email appear as if it originates from
a trusted source. Spoofing techniques include fake display names or similar-looking domain names (e.g.,
“paypal.com” instead of “paypal.com”).

Brand Impersonation

Phishers frequently replicate the logos, fonts, and design elements of popular brands to create credibility. These
emails may claim to come from trusted institutions like banks or service providers.

Phishing Links

Hyperlinks embedded in phishing emails redirect victims to fake login pages. Attackers often hide these URLs
within attachments or cloud-hosted documents to evade spam filters.

Attachments

Attachments (e.g., .docx, .pdf, .zip) may contain malicious code or hidden URLs. When opened, these can install
malware or redirect the user to a phishing site.

Phishing Page

A phishing page is a fraudulent website that mimics legitimate pages to capture login credentials or personal data.
Advanced phishing kits use real CSS and HTML from the target brand to appear authentic.

C. Cyber Kill Chain Mapping of Phishing

Phishing corresponds to the “Delivery” phase in the Cyber Kill Chain model; a framework developed to analyze
and understand the sequence of cyberattack events.

Phases of the Intrusion Kill Chain:

1. Reconnaissance: The attacker gathers information about targets.

2. Weaponization: Malware or exploits are bundled into payloads (e.g., malicious PDFs).

3. Delivery: The phishing email containing the payload is sent to the victim.

4. Exploitation: The victim opens the attachment or clicks the link.

5. Installation: Malware or backdoor gets installed on the system.

6. Command & Control (C2): The attacker establishes communication with the compromised system.
7. Actions on Objectives: The attacker exfiltrates data or gains deeper access.

D. Information Gathering

Attackers use spoofing and domain manipulation to mislead users. To verify the authenticity of an email, protocols
like SPF, DKIM, and DMARC are used. Tools such as MX Toolbox help in checking domain records and
identifying spoofed senders.

. SPF (Sender Policy Framework): Validates whether the email was sent from an authorized mail server.
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. DKIM (DomainKeys Identified Mail): Uses cryptographic signatures to ensure message integrity.

. DMARC (Domain-based Message Authentication, Reporting & Conformance): Combines SPF and
DKIM for better validation.

Even with these mechanisms, compromised legitimate email accounts can still be exploited for phishing,
underscoring the need for behavioral and contextual analysis.

E. Email Traffic Analysis

Phishing email traffic can be analyzed using various parameters such as sender address, SMTP IP, domain name,
and subject. Observing repeated attack patterns, recipient lists, or attack timings provides valuable insights. Tools
like Wireshark, Splunk, and Python-based log analyzers can automate such monitoring. Attackers may also use
tools like the Harvester to collect email addresses from public sources, which later become phishing targets.

G. Email Header Analysis

Email headers contain metadata used to trace the origin and routing of an email. Key header fields include:

. From / To: Identifies sender and recipient.

. Return-Path: Specifies the reply-to address.

. Date: Indicates the timestamp.

. Received: Shows the mail servers that processed the email (in reverse order).
. Message-ID: A unique identifier for each message.

. MIME-Version: Encodes attachments and multimedia data.

. X-Spam Status: Displays the spam score of the message.

. DKIM Signature: Ensures the authenticity of the email’s origin.

Header analysis helps detect spoofed domains, mismatched IPs, and irregular routing patterns.
H. Accessing Email Headers

To analyze an email in Gmail:

1. Open the email.
2. Click the three dots in the top-right corner.
3. Select “Download message” or “Show original.”

The downloaded .eml file can then be parsed using Python’s email library for automated analysis.
I. System Architecture

The system architecture (Figure 2) represents the workflow of the proposed phishing email analysis framework.
It integrates cybersecurity tools with Python-based modules for parsing, analyzing, and classifying suspicious
emails.
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Email | Header & Content
Collection Extraction

Threat Detection
Engine

[ Cybersecurity ]
APIs

Figure 2: System Architecture

Workflow Stages:

1. Email Collection: Suspicious emails are fetched via IMAP or SMTP.

2. Header & Content Extraction: Metadata, sender address, and message body are parsed.

3. Feature Extraction: Identifies suspicious links, keywords, and spoof indicators.

4. Threat Detection Engine: Uses cybersecurity APIs (e.g., VirusTotal, PhishTank) and ML classifiers to

categorize emails.

5. Reporting Module: Displays phishing probability, threat level, and recommended action.

IV. SIMULATION RESULTS

The simulation results obtained from the implementation of phishing email analysis using Python scripting and
cybersecurity tools. The system was tested using a dataset of phishing and legitimate emails collected from
publicly available repositories such as PhishTank and SpamAssassin.
The analysis focuses on identifying phishing indicators such as suspicious URLs, spoofed sender addresses,
malicious attachments, and forged domains. Results were evaluated in terms of detection accuracy, false positive
rate, and efficiency of the implemented scripts.

A. Experimental Setup

The phishing email analysis system was developed and simulated using the following:

. Programming Language: Python 3.10

. Libraries Used: email, re, pandas, matplotlib, BeautifulSoup, requests, and sklearn
. Tools: MXToolbox, VirusTotal API, and Header Analyzer

. Dataset: 1,000 emails (500 phishing and 500 legitimate)

. System Configuration: Intel i5 processor, 8 GB RAM, Windows 10 OS

B. Email Analysis Output

Email Header Analysis Result shown in Table 1.
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TABLEI
EMAIL HEADER ANALYSIS
Parameter Extracted Value Observation
From security@paypal.com | Spoofed domain
detected
SPF Record Fail Not matching the
legitimate server
DKIM Record | Missing Possible spoofing
Subject “Urgent: Verify your | Suspicious & urgent
account” tone
Attachment invoice.zip Contains  executable
file
Result Phishing Email | Risk Level: High
Detected
C. URL Analysis Results

Output:

import re

from urllib.parse import urlparse

url = "http://paypal-security-update.com”

domain = urlparse(url).netloc

print("Extracted Domain:", domain)

)", domain.lower())

Extracted Domain: paypal-security-update.com

Suspicious domain detected!

Figure 2: URL Inspection using Python Script

D. Statistical Analysis

The system was evaluated based on detection accuracy for phishing and legitimate emails shown in table 2.

TABLE III
ACCURACY FOR PHISHING AND LEGITIMATE EMAILS FOR
Category Total Emails | Correctly Detected | Accuracy (%)
Phishing Emails 500 485 97%
Legitimate Emails | 500 472 94%
Overall Accuracy | 1000 957 95.7%
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E. Graphical Results

Comparison of Detection Metrics shown in table 3.

TABLE T
COMPARISON OF DETECTION METRICS

Metric Value

Precision 96.8%

Recall 95.1%

F1 Score 95.9%

False Positive Rate 3.5%

96.8% 95.1% 95.9%

100%

80%

60%

40%

0%
z 3.5%

Precision Recall F1Score False Positive
Rate

Figure 3: Comparison of Detection Metrics

A grouped bar graph shown in fig.3 can be used to display each metric visually, highlighting that the implemented
Python-based system performs efficiently in phishing detection with low false positive rates.

Email Classification Results

Genuine £

Phishing

Figure 4: Pie Chart of Email Classification Results

672



Tuijin Jishu/Journal of Propulsion Technology
ISSN: 1001-4055
Vol.47 No.02 (2026)

This graphical visualization shows in fig.4 that the model successfully identified the majority of phishing and
legitimate emails, maintaining a strong classification balance.

The results demonstrate that Python scripting, combined with header, URL, and content-based analysis, provides
an effective and flexible mechanism for detecting phishing attempts. The use of SPF, DKIM, and domain
reputation checks enhances accuracy and reduces false positives. The system’s detection rate of over 95%
indicates strong performance compared to traditional rule-based email filters.

This simulation confirms the effectiveness of automated phishing email analysis using cybersecurity tools and
Python scripting. The framework efficiently identifies phishing patterns and mitigates email-based threats. Future
enhancements could include machine learning integration for adaptive phishing detection and improved real-time
processing.

V. CONCLUSION AND FUTURE SCOPE

Phishing remains one of the most pervasive and dangerous forms of cyberattacks, exploiting human psychology
to obtain sensitive information such as credentials, financial details, and personal data. This project successfully
demonstrated the process of phishing email analysis using cybersecurity tools integrated with Python scripting.
By studying email headers, traffic patterns, spoofing techniques, and message content, the proposed system
identifies malicious indicators such as suspicious URLs, attachments, and forged domains. The use of Python
libraries and automated scripts allows efficient extraction and correlation of features from phishing emails, making
detection faster and more accurate than traditional manual analysis.

The methodology aligns with cybersecurity frameworks such as the Cyber Kill Chain, enabling comprehensive
understanding of each attack phase—from reconnaissance to data exfiltration. The study reinforces that combining
technical measures like SPF, DKIM, and DMARC validation with intelligent content analysis provides a strong
multi-layered defense mechanism. Overall, this research contributes to enhancing organizational and individual
awareness, minimizing human error, and strengthening the resilience of digital communication systems against
phishing threats.

While the implemented system effectively identifies phishing indicators through static and rule-based analysis,
there is ample scope for future improvement. Future work can focus on incorporating supervised and unsupervised
learning algorithms to automatically classify phishing emails with higher precision
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