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ABSTRACT
The rapid growth of online advertising has significantly increased the prevalence of ad click fraud,
where malicious entities generate illegitimate clicks on digital advertisements to manipulate
revenue models and exhaust advertising budgets. Click fraud poses a serious threat to advertisers,
publishers, and advertising platforms by distorting analytics, reducing return on investment, and
undermining trust in digital ecosystems. Traditional rule-based detection systems are often
ineffective in identifying sophisticated fraud patterns due to their inability to adapt to evolving
attack strategies. This paper proposes a robust framework for ad click fraud detection using
machine learning and deep learning algorithms to accurately distinguish between legitimate and
fraudulent clicks. The proposed system integrates data preprocessing, feature engineering, and
hybrid learning models, including decision trees, random forests, support vector machines, and
deep neural networks, to analyze clickstream data. Key features such as click frequency, session
duration, IP behavior, device information, and temporal patterns are utilized to capture anomalies
associated with fraudulent activities. The framework employs ensemble techniques to enhance
prediction accuracy and reduce false positives, while deep learning models capture complex
nonlinear relationships within the data. Experimental results demonstrate that the proposed
approach significantly outperforms traditional methods in terms of accuracy, precision, recall, and
Fl-score. Additionally, the system exhibits strong scalability and adaptability to large-scale
advertising environments. This research contributes to the development of intelligent and
automated fraud detection systems that can effectively mitigate click fraud and improve the
reliability of online advertising platforms.
Keywords: Click Fraud, Machine Learning, Deep Learning, Digital Advertising, Fraud Detection,
Neural Networks, Ensemble Learning
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1. Introduction worldwide [1]. With the increasing reliance
The digital advertising industry has on pay-per-click (PPC) advertising models,
experienced exponential growth over the past where advertisers are charged based on user
decade, becoming a primary revenue source clicks, the issue of ad click fraud has become
for online platforms and businesses a major concern [2]. Click fraud involves
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generating illegitimate clicks on
advertisements with the intention of inflating
costs for advertisers or increasing revenue for
publishers [3]. These fraudulent activities can
be carried out by automated bots, malicious
competitors, or even organized fraud
networks, making detection a complex
challenge [4].

Traditional methods for detecting click fraud
rely on rule-based systems and heuristic
approaches that analyze predefined patterns
such as abnormal click rates or suspicious IP
addresses [5]. While these methods are
effective in identifying simple fraud
scenarios, they often fail to detect
sophisticated and evolving attack techniques
[6]. Moreover, rule-based systems require
continuous updates and manual intervention,
making them less efficient in dynamic
environments [7].

To overcome these limitations, machine
learning techniques have been widely
adopted for click fraud detection [8]. These
approaches leverage historical click data to
identify patterns and anomalies associated
with fraudulent behavior. Algorithms such as
decision trees, support vector machines, and
random forests have shown promising results
in detecting fraud by learning from labeled
datasets [9]. However, traditional machine
learning models may struggle to capture
complex nonlinear relationships in large-
scale datasets [10].

Deep learning techniques have emerged as a
powerful alternative for handling complex
data patterns and high-dimensional features
[11]. Neural networks, including
convolutional and recurrent architectures,
can automatically extract meaningful
features from clickstream data, improving
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detection accuracy [12]. Additionally,
ensemble learning methods that combine
multiple models have been shown to enhance
performance and robustness [13].

Despite these advancements, challenges such
as high false positive rates, scalability issues,
and adaptability to new fraud patterns remain
significant [14]. Therefore, there is a need for
a comprehensive framework that integrates
machine learning and deep learning
techniques to provide accurate and scalable
solutions for click fraud detection [15].

2. Literature Survey

Research on click fraud detection has
evolved significantly, focusing on both
statistical and machine learning approaches.
Early studies by Clifford Stoll (2000) [16]
emphasized anomaly detection techniques
based on traffic analysis, which provided
initial insights into fraudulent activities.
However, these methods were limited in
handling large-scale data and complex fraud
patterns.

Subsequent research introduced machine
learning models for detecting click fraud.
Tom Fawcett (2006) [17] explored data
mining techniques for fraud detection,
demonstrating improved accuracy compared
to traditional methods. Similarly, Foster
Provost (2013) [18] highlighted the
importance of predictive analytics in
identifying fraudulent behavior in online
systems.

Deep learning approaches have further
enhanced fraud detection capabilities.
Yoshua Bengio (2015) [19] demonstrated the
effectiveness of neural networks in capturing
complex patterns, which has been applied to
click fraud detection. These models can
process large volumes of data and identify
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subtle anomalies that are difficult to detect
using traditional techniques.

Recent studies have focused on hybrid and
ensemble models. Leo Breiman (2001) [20]
introduced random forests, which have been
widely used in fraud detection due to their
robustness. Additionally, Jerome Friedman
(2001) [21] developed gradient boosting
methods that improve prediction accuracy by
combining multiple weak learners.
Advanced frameworks integrating machine
learning and deep learning have shown
promising results. Andrew Ng (2018) [22]
emphasized the importance of scalable Al
systems  for real-world applications.
Furthermore, Ian Goodfellow (2016) [23]
explored deep learning techniques for
anomaly detection. Recent works by Zhang
Wei (2020) [24] and Liang Chen (2021) [25]
proposed hybrid frameworks combining
multiple models for improved performance.
3. Proposed Methodology

The proposed framework introduces a hybrid
machine learning and deep learning approach
for detecting ad click fraud in digital
advertising systems. The methodology
begins with data collection from clickstream
logs, including user interactions, timestamps,
IP addresses, device information, and session
details. This data is preprocessed to remove
noise, handle missing values, and normalize
features for consistent analysis.

Feature engineering is performed to extract
meaningful attributes such as click
frequency, session duration, geographic
location patterns, and device behavior. These
features help distinguish between legitimate
users and fraudulent entities by identifying
abnormal patterns and inconsistencies in user
activity.
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The system employs multiple machine
learning models, including decision trees,
random forests, and support vector machines,
to classify click behavior. These models are
trained on labeled datasets and optimized to
achieve high accuracy. In parallel, deep
learning models such as artificial neural
networks are used to capture complex
relationships and temporal dependencies
within the data.

An ensemble learning approach is
implemented to combine predictions from
different models using a weighted voting
mechanism. This improves overall system
performance and reduces false positives. The
framework also includes a feedback loop that
continuously updates the models based on
new data, ensuring adaptability to evolving
fraud patterns.

Architecture Diagram
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Fig 1: System Architecture

4. Experimental Results

The proposed click fraud detection
framework was evaluated using benchmark
clickstream  datasets containing both
legitimate and fraudulent click patterns. The
system was compared against traditional
machine learning models and standalone
deep learning approaches to assess its
effectiveness. The results demonstrate that
the proposed hybrid framework significantly
improves detection accuracy, reduces false
positives, and enhances overall system
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Chart 3: Execution Time Comparison
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Model Performance Comparison

Discussion

The experimental results clearly indicate that
the proposed hybrid framework outperforms
traditional machine learning and deep
learning models in detecting ad click fraud.
The improvement in accuracy, precision,
recall, and Fl-score demonstrates the
effectiveness of combining multiple models
to capture diverse patterns in clickstream
data. The ensemble approach allows the
system to leverage the strengths of individual
algorithms, resulting in more reliable and
robust  predictions.  Additionally, the
reduction in false positive and false negative
rates highlights the system’s ability to
accurately distinguish between legitimate
and fraudulent clicks, which is crucial for
maintaining trust in digital advertising
platforms.

Another key observation is the balance
achieved  between  performance and
scalability. Although the proposed model
exhibits slightly higher execution time
compared to simpler models, it offers
significantly better scalability and detection
accuracy, making it suitable for real-time
applications. The system’s ability to handle
large-scale datasets and adapt to evolving
fraud patterns further enhances its practical
applicability. Overall, the framework
provides a comprehensive and efficient
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solution for mitigating click fraud in modern
advertising ecosystems.

5. Conclusion and Future Scope

The proposed framework for ad click fraud
detection using machine learning and deep
learning algorithms provides an effective and
scalable solution for identifying fraudulent
activities in digital advertising systems. By
integrating multiple learning techniques and
leveraging feature engineering, the system
achieves high detection accuracy while
minimizing false positives and false
negatives. The experimental results validate
the framework’s ability to handle complex
and large-scale datasets, making it suitable
for real-world deployment. The combination
of machine learning and deep learning
ensures that both simple and sophisticated
fraud patterns are accurately detected,
thereby improving the reliability and
transparency of online advertising platforms.
In future work, the framework can be
enhanced by incorporating real-time
streaming analytics and adaptive learning
mechanisms to further improve
responsiveness to emerging fraud techniques.
The integration of advanced deep learning
architectures such as recurrent neural
networks and graph-based models can help
capture temporal and relational patterns more
effectively. Additionally, the use of
explainable Al techniques can improve
transparency and trust in model predictions.
Expanding the framework to support cross-
platform fraud detection and incorporating
federated learning approaches can further
enhance scalability and privacy. Overall, the
proposed system lays a strong foundation for
developing intelligent and adaptive fraud
detection solutions in digital advertising.
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