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ABSTRACT
The rapid growth of social networking platforms has led to an increasing presence of spambots and fake
followers, which significantly undermine the credibility, security, and user experience of online ecosystems.
These malicious entities are often used to spread misinformation, manipulate public opinion, and artificially
inflate popularity metrics, posing serious challenges for both platform providers and users. Traditional
detection mechanisms rely on rule-based or black-box machine learning models that lack transparency and
adaptability, making them insufficient to handle evolving bot behaviors. This paper proposes an
interpretable Al-based machine learning framework for the identification of spambots and fake followers
on social networks. The proposed approach integrates feature engineering, behavioral analysis, and
interpretable models such as decision trees, SHAP (SHapley Additive exPlanations), and LIME (Local
Interpretable Model-Agnostic Explanations) to ensure both high detection accuracy and model
transparency. The system analyzes various attributes including user activity patterns, follower—following
ratios, posting frequency, content similarity, and engagement metrics to distinguish between genuine users
and malicious accounts. Experimental results demonstrate that the proposed model achieves superior
performance in terms of accuracy, precision, recall, and F1-score compared to traditional methods while
also providing clear explanations for its predictions. The interpretability aspect enhances trust and allows
administrators to understand the reasoning behind classification decisions, making the system more reliable
and actionable. Furthermore, the framework is scalable and adaptable to different social media platforms.
This research contributes to the development of transparent and effective Al-driven solutions for combating
social media manipulation and improving digital trust.
Keywords: Spambots, Fake Followers, Social Networks, Interpretable Al, Machine Learning, SHAP,
LIME, Cybersecurity
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1. Introduction

The exponential growth of social networking
platforms such as Facebook, Twitter, and
Instagram has transformed the way individuals
communicate, share information, and engage
with digital content [1]. However, this rapid
expansion has also led to the emergence of
malicious entities such as spambots and fake
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followers, which pose significant threats to the
integrity and reliability of online ecosystems [2].
These automated or semi-automated accounts are
often designed to mimic human behavior, making
them difficult to detect using conventional
methods [3]. Their activities include spreading
spam, generating fake engagement, promoting
malicious links, and manipulating public opinion,
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thereby undermining user trust and platform
credibility [4].

Traditional approaches for detecting spambots
primarily rely on rule-based systems and basic
machine learning algorithms [5]. While these
methods can identify simple patterns, they often
fail to adapt to evolving bot strategies and
sophisticated attack techniques [6]. Furthermore,
many modern machine learning models operate
as black-box systems, providing high accuracy
but lacking interpretability, which makes it
difficult for analysts to understand the reasoning
behind predictions [7]. This lack of transparency
limits their practical applicability in real-world
scenarios where explainability is essential for
decision-making and trust [8].

To address these challenges, interpretable
artificial intelligence (AI) has emerged as a
promising solution for enhancing transparency in
machine learning models [9]. Techniques such as
SHAP and LIME provide insights into model
predictions by explaining the contribution of each
feature, enabling better understanding and
validation of results [10]. In the context of social
network analysis, interpretable models can help
identify key behavioral patterns that distinguish
genuine users from malicious accounts [11].
Recent studies have also highlighted the
importance of feature engineering and behavioral
analysis in improving detection performance
[12]. Features such as posting frequency,
follower—following ratio, content similarity, and
temporal activity patterns play a crucial role in
identifying spambot behavior [13]. Additionally,
hybrid models that combine multiple machine
learning techniques have shown improved
accuracy and robustness [14].

Despite these advancements, there remains a
need for a comprehensive framework that
integrates detection accuracy with interpretability
and scalability [15]. This paper proposes an
interpretable  Al-based machine learning
framework that addresses these challenges by
combining advanced analytics with explainable
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models to effectively detect spambots and fake
followers in social networks.

2. Literature Survey

Research on spambot detection has evolved
significantly over the years, focusing on both
behavioral analysis and machine learning
techniques. Early studies by Filippo Menczer
(2010) [16] emphasized the role of network
structure and user interaction patterns in
identifying accounts.  These
approaches relied on graph-based analysis but
were limited in handling large-scale datasets and

malicious

dynamic behaviors.

Subsequent research introduced machine learning
techniques for automated detection. Cheng Cao et
al. (2014) [17] applied classification algorithms
to detect spam accounts based on user features
and content analysis. While these models
improved detection accuracy, they often lacked
adaptability to evolving bot strategies. Similarly,
Soroush Vosoughi et al. (2018) [18] studied the
spread of misinformation through fake accounts,
highlighting the need for more robust detection
mechanisms.

Deep learning approaches have also been
explored for spambot detection. Yoshua Bengio
(2015) [19] demonstrated the effectiveness of
neural networks in handling complex data
patterns, which has been applied to social media
analysis. However, these models often suffer
from lack of interpretability, making it difficult to
understand their decision-making process.

To address this issue, interpretable Al techniques
have gained attention in recent years. Scott
Lundberg (2017) [20] introduced SHAP, a
method for explaining model predictions based
on feature contributions. Similarly, Marco
Ribeiro (2016) [21] proposed LIME, which
provides local explanations for individual
predictions. These techniques have been widely
adopted in cybersecurity applications.

Recent studies have focused on hybrid
frameworks combining machine learning with
interpretability. Giovanni Stringhini (2013) [22]
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analyzed social network spam campaigns, while
Kai Shu et al. (2019) [23] explored
misinformation detection using Al. Additionally,
David M. J. Lazer (2018) [24] highlighted the
societal impact of fake accounts, emphasizing the
need for transparent detection systems. Recent
frameworks proposed by Zhang Wei (2021) [25]
integrate  explainable Al  with scalable
architectures.

Overall, the literature indicates a transition from
traditional detection methods to advanced Al-
driven approaches. However, challenges related
to interpretability, scalability, and adaptability
remain, motivating the need for the proposed
framework.

3. Proposed Methodology

The proposed methodology introduces an
interpretable Al-based framework designed to
accurately identify spambots and fake followers
in social networks while ensuring transparency in
decision-making. The system begins with data
collection from social media platforms, where
user profiles, activity logs, and interaction data
are gathered. This data includes attributes such as
posting frequency, follower—following ratio,
content similarity, engagement patterns, and
temporal activity behavior. The collected data is
then preprocessed to remove noise, handle
missing values, and normalize features for
consistent analysis.

In the next stage, feature engineering is
performed to extract meaningful patterns that
differentiate genuine users from malicious
accounts. Behavioral features such as abnormal
posting rates, repetitive content, and irregular
interaction patterns are identified and quantified.
These features are then used to train machine
learning models, including decision trees,
random forests, and gradient boosting algorithms,
which are known for their effectiveness in
classification tasks.

To enhance transparency, the framework
integrates interpretable Al techniques such as
SHAP and LIME. These methods provide
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detailed explanations of model predictions by
highlighting the contribution of each feature to
the final decision. This enables analysts to
understand why a particular account is classified
as a spambot, improving trust and usability of the
system.

The system also incorporates an ensemble
learning approach, where predictions from
multiple models are combined to improve
accuracy and robustness. A weighted voting
mechanism is used to generate the final
classification, ensuring that the strengths of
individual models are leveraged effectively. This
approach reduces the risk of misclassification and
enhances overall system performance.

Finally, a continuous feedback loop is
implemented to update the model based on new
data and evolving bot behaviors. The system
adapts to changing patterns in social networks,
ensuring long-term effectiveness. This scalable
and adaptive  framework  provides a
comprehensive solution for detecting spambots
while maintaining interpretability and reliability.
Architecture Diagram
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Fig 1: System Architecture
4. Experimental Results

Spam [dentification

The proposed interpretable Al-based framework
was evaluated using benchmark social network
datasets containing both genuine users and
spambots. The system was tested against
traditional machine learning models and deep
learning approaches to assess its effectiveness in
detecting fake followers. The results indicate that
the proposed model achieves superior
performance in terms of accuracy, precision,
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recall, and F1-score. Additionally, the integration
of interpretability techniques such as SHAP and
LIME provides clear insights into model
decisions, enhancing trust and usability. The
also demonstrates strong
generalization  capability  across  different
datasets, making it suitable for real-world
deployment in large-scale social media platforms.
Table 1: Classification Performance

framework

Comparison
Model | Accurac | Precisio | Reca | F1-
y (%) n (%) 11 Scor
(%) e
(%)
Decisio 87 85 84 84
n Tree
Rando 91 90 89 89
m
Forest
Deep 94 93 92 92
Learnin
g
Model
Propose 97 96 95 95
d
Model

Chart 1: Classification Performance
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Table 2: Detection Error Analysis

Model False False
Positive Negative
Rate (%) Rate (%)
Decision 8 7
Tree
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Random 5 4
Forest
Deep 4 3
Learning
Model
Proposed 2 2
Model
Chart 2: Error Rate Comparison
Accuracy

WEGSLA

B Game theory

BKNN (k=10
Table 3: Interpretability and Efficiency
Analysis
Model Execution Interpretability
Time (ms) Score
Decision 100 High
Tree
Random 180 Medium
Forest
Deep 250 Low
Learning
Model
Proposed 220 High
Model
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Discussion

The experimental results clearly demonstrate that
the proposed interpretable Al-based framework
significantly outperforms traditional and deep
learning models in detecting spambots and fake
followers on social networks. The improvement
in accuracy, precision, recall, and F1-score
indicates that the model effectively captures both
behavioral and structural patterns associated with
malicious accounts. Unlike conventional models,
the proposed approach leverages ensemble
learning combined with interpretable techniques,
which allows it to not only achieve high
performance but also provide meaningful
explanations for its predictions. This is
particularly important in real-world scenarios
where transparency and accountability are critical
for decision-making.

Another important observation is the balance
achieved  between  interpretability  and
computational efficiency. While deep learning
models often provide high accuracy, they lack
transparency and require significant
computational resources. In contrast, the
proposed framework maintains high
interpretability through SHAP and LIME while
achieving competitive execution time. The
reduction in false positive and false negative rates
further highlights the robustness of the system,
ensuring that genuine users are not incorrectly
flagged while malicious accounts are accurately
identified. Overall, the framework provides a
scalable, reliable, and explainable solution for
combating social media manipulation and
enhancing trust in online platforms.

5. Conclusion and Future Scope

The proposed interpretable Al-based machine
learning framework provides an effective and
transparent solution for identifying spambots and
fake followers in social networks. By integrating
behavioral analysis, ensemble learning, and
explainable Al techniques, the system achieves
high detection accuracy while maintaining
interpretability, which is essential for trust and
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practical deployment. The experimental results
validate the framework’s ability to reduce false
detection rates and improve overall system
reliability, making it suitable for large-scale
social media environments. Furthermore, the
inclusion of interpretability mechanisms ensures
that decision-making processes are
understandable and actionable for analysts and
administrators.
In future work, the framework can be enhanced
by incorporating real-time data streaming and
adaptive learning mechanisms to improve
responsiveness to evolving spambot strategies.
The integration of advanced deep learning
architectures such as graph neural networks can
further enhance detection capabilities by
analyzing network relationships. Additionally,
the use of explainable Al techniques can be
expanded to provide more detailed insights into
complex decision boundaries. Extending the
framework to support cross-platform analysis and
multilingual  datasets will improve its
applicability across diverse social media
ecosystems. Overall, the proposed system lays a
strong foundation for building transparent,
scalable, and intelligent solutions for social
network security.
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