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ABSTRACT

The increasing integration of artificial intelligence (Al) and machine learning (ML) within Nigeria’s
telecommunication infrastructure particularly amid the rollout of 5G networks has inadvertently
introduced complex cybersecurity vulnerabilities, most notably adversarial attacks. These attacks, which
exploit weaknesses in Al algorithms through the manipulation of input data, have emerged as a critical
threat vector capable of bypassing traditional security mechanisms. This study provides an in-depth
analysis of the growing incidence and impact of adversarial attacks on Nigeria’s telecommunication
industry. Employing a qualitative methodology that includes thematic analysis of cybersecurity reports,
expert interviews, and case study evaluations, the research uncovers a spectrum of consequences
including service disruptions, financial losses, consumer distrust, and regulatory inadequacies. The
findings reveal that the nation’s digital infrastructure is increasingly exposed due to insufficient
adversarial threat modeling, limited national policy focus, and inadequate organizational preparedness.
Furthermore, the paper explores the implications of these attacks in the context of Nigeria’s expanding
digital economy and forecasts heightened future risks as 5G and 10T ecosystems proliferate. It concludes
with a strategic framework of technical and policy-driven solutions, including adversarial training, the
use of machine learning based systems, and comprehensive national cybersecurity reforms. The study
contributes to both academic discourse and practical policymaking by offering evidence-based insights
and adaptive strategies to safeguard Nigeria’s telecommunications landscape against evolving
adversarial threats.
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Introduction

The emergence of fifth-generation (5G) networks has ushered in substantial advancements in
information and communication technologies (ICT). Widely adopted across both developing and
developed nations, 5G has significantly enhanced big data management capabilities across public and
private sectors. In contrast to its predecessor, the fourth-generation (4G) network, 5G delivers notable
improvements in overall Quality of Service (QoS) metrics and supports the integration of sophisticated
data handling technologies such as cloud computing (Zolotukhin et al., 2023).

Over the past two decades, Nigeria’s telecommunications sector has witnessed remarkable expansion,
becoming a critical driver of economic development through the facilitation of digital services such as
mobile banking, internet access, and e-governance. The deployment of fifth-generation (5G) technology
is expected to further elevate data transmission speeds, enhance network connectivity, and support the
emergence of innovative applications. Nevertheless, these technological advancements also introduce
new cybersecurity challenges, particularly in the form of adversarial attacks—deliberate manipulations
of machine learning models and systems designed to exploit inherent vulnerabilities..

Adversarial attacks in Telecommunications

Adversarial attacks are designed to disrupt network operations, manipulate configurations, and
compromise the integrity of services. In Nigeria's telecommunication sector, such attacks can range from
data breaches and denial-of-service (DoS) attacks to sophisticated machine learning-driven assaults that
target network infrastructure. These attacks often exploit vulnerabilities in signal processing systems,
user data privacy, and authentication protocols.

Ibitoye et al. (2020), the adversarial attack model has gained dominance in recent studies on
cybersecurity due to its high success rate in penetrating the network. This attack model involves the
crafting of specially designed input that causes the Machine Learning Model (MLM) to make incorrect
decisions. This is achieved by manipulating the input data, which slightly alters the feature vectors from
the originally trained vectors, deceiving the security model to gain access to the network.

The adversarial attack approach can be classified into three methods, which include the poisoning,
evasion, and oracle methods (Akhtar and Mian, 2018).

The increasing dependence on machine learning algorithms in telecommunication for tasks such as fraud
detection, network optimization, and customer experience management exposes operators to adversarial
threats. Attackers could manipulate machine learning models, introducing erroneous data to degrade
service quality or cause system malfunctions.
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Different Types of Adversarial Attacks in the Telecommunication Industry

In the telecommunications industry, adversarial attacks manifest in diverse forms, each strategically
targeting specific layers of the network infrastructure or operational protocols. These attacks are
intentionally crafted to exploit vulnerabilities within machine learning (ML) models, network
configurations, or cryptographic security mechanisms. The following are key types of adversarial attacks
commonly encountered in telecom environments:

1. Evasion Attacks

These occur when adversaries subtly manipulate input data to deceive ML-based detection systems (e.g.,
intrusion detection systems or spam filters), causing them to misclassify malicious activity as benign. In
telecom systems, this might involve altering packet headers or payloads in ways that bypass anomaly
detection algorithms without triggering alerts. This is usually seen when a spam SMS detection model
could be fooled by adversarial modified messages that retain their harmful intent but evade filtering.

2. Poisoning Attacks

In poisoning attacks, malicious data is deliberately introduced into the training dataset of an ML model.
This compromises the integrity of the model, leading to skewed decision-making. In
telecommunications, this could affect models responsible for traffic classification, fraud detection, or
quality of service optimization. Poisoning attacks is typically seen where a model trained on poisoned
traffic logs may incorrectly prioritize or drop network packets, leading to degraded service or exposure
to further threats.

3. Model Inversion and Membership Inference

These attacks aim to reverse-engineer the internal parameters or training data of an ML model. Attackers
can infer sensitive user data or replicate model behavior, posing a serious risk in privacy-sensitive
telecom applications such as voice or biometric verification, for instance attacker may reconstruct
subscriber location patterns or voice samples from an exposed voice-recognition model.

4. Exploratory Attacks (Inference Attacks)

These involve probing a model’s decision boundaries to gradually understand its structure and behavior,
eventually allowing the attacker to craft inputs that lead to targeted misclassification or service
manipulation, for example using API access to a telecom fraud detection system to test various inputs
and identify thresholds that can be bypassed for illicit transactions.

5. Adversarial Reprogramming

This technique repurposes ML models for unintended tasks by subtly altering input formats. In a
telecom context, an attacker could potentially hijack a model meant for signal optimization to perform
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unrelated and malicious functions, such as unauthorized data extraction. This happens when, the
misusing of an ML algorithm in a base station to initiate covert data transfers or reroute traffic without
detection.

6. Backdoor Attacks

Here, a hidden malicious pattern (or “trigger”) is embedded into an ML model during training, which
activates unintended behavior only when the trigger is present. This is particularly dangerous in
outsourced ML training scenarios or open-source model adoption. For example- a compromised QoS
optimization model that only activates harmful routing decisions when a specific traffic pattern is
observed.

Socio-economic impacts of these attacks.

The socio-economic impacts of adversarial attacks on Nigeria's telecommunications industry are
substantial:

1. Service Disruption and Economic Loss: Telecommunication services are the backbone of many
business operations in Nigeria. Adversarial attacks that lead to network outages or slow data
transmission can disrupt business activities, leading to significant revenue losses, particularly in
sectors like e-commerce and fintech, which rely heavily on real-time data.

2. National Security Risks: The telecommunication infrastructure is critical for national security.
Adversarial attacks can be used to disrupt communication channels between government
agencies, military operations, and emergency services, potentially leading to security breaches or
the loss of life.

3. Loss of Consumer Confidence: Repeated cyber-attacks on telecommunication networks erode
consumer trust. When consumers lose confidence in the security and reliability of these services,
they are less likely to engage in digital financial transactions or other online activities, slowing
the growth of Nigeria's digital economy.

4. Costs of Cybersecurity Investments: Telecommunications companies are forced to invest heavily
in cybersecurity measures to prevent or mitigate the effects of adversarial attacks. These costs
can be passed on to consumers in the form of higher service charges, affecting affordability,
particularly for low-income users.

Vulnerabilities in Nigeria’s Telecommunication Infrastructure

The telecommunication infrastructure in Nigeria is susceptible to various adversarial threats due to
several factors:
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o Weak Regulatory Framework: Although Nigeria has cybersecurity policies, enforcement is often
inconsistent. Telecommunication operators may not be compelled to implement the most robust
security measures, leaving room for vulnerabilities.

e Outdated Equipment and Technology: Many telecommunication service providers in Nigeria
still rely on legacy systems that are not equipped to defend against modern adversarial attacks.
This makes them prime targets for cybercriminals.

o Limited Cybersecurity Expertise: Nigeria faces a shortage of skilled cybersecurity professionals
who can develop and implement advanced defence strategies against adversarial attacks. This
expertise gap leaves the sector vulnerable to sophisticated threats.

[ ]
Prevention and Mitigation strategies.

To address these challenges, the following strategies can be adopted by stakeholders in the Nigerian
telecommunication sector, the most important strategy is the use of Machine learning Techniques due to
exponential limp in telecommunication especially with advent of 5G technology in the country. So, we
will look at ML strategy and others.

1. Machine Learning Model Robustness: Telecommunications operators should implement
adversarial training techniques in their machine learning models, including augmenting datasets
with adversarial examples to improve the system's resistance to attacks.

Machine learning models play a good role in helping to prevent adversarial attacks or at least bring it to
a bearable minimum.

Example is the use of Support Vector Based model

This Support Vector Based Mahalanobis Adversarial Attack Detection Model (SVBM) considers normal
packet as against threats model in the existing system. While it will be very complex and challenging to
develop a model with all the available cyber attack threats features today, due to cost, data availability,
training resources, time and reliability of the model after training, it is easier to focus on the normal
attributes of data penetration in 5G network and use it as a reference point to detect adversarial threats.
What this means is that training a model with normal packet features is a more reliable approach to
detecting diverse adversarial attacks, because any other features which deviates from the normal packet
signature is immediately identified as a threats and then isolate from the network. To achieve this, the
method used is illustrated using the data flow diagram below;
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The figure begins with data collection of the 5G cloud network data. In this case the data was collected
from Kaggle open source repository and processed to address missing value and potential over-fitting
problem during training. The features were selected automatically using fisher test approach (Gianluca,
2021). It selected the features by adding a penalty term to the linear regression objective function, which
encourages some feature coefficients to become exactly zero, effectively selecting a subset of the most
important features and achieving feature selection and regularization simultaneously. These feature
selected are extracted by applying Principal Component Analysis (PCA) and feed to the mahalanobis
distance model which identified the covariance matrix for each feature vector of the normal packet and
set as the base line model for detection of adversarial attack. The model is trained with the SVM based
binary classifier to generate the SVM based mahalanobis model for the detection of adversarial attack.

Other strategies are :

2. Regulatory Oversight. The Nigerian Communications Commission (NCC) and other relevant
bodies should enforce stricter regulations for cybersecurity standards, ensuring that all operators
comply with best practices in data protection and system security.

3. Investment in Cybersecurity Technologies: Telecommunication companies can protect their
networks from adversarial attacks by investing in advanced defence mechanisms such as
encryption, multi-factor authentication, and real-time threat detection systems.

4. Collaboration and Knowledge Sharing: Collaboration between telecommunication companies,
government agencies, and international bodies is essential for developing effective
countermeasures against adversarial attacks. Sharing knowledge on emerging threats and defense
strategies can strengthen the sector's resilience.
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5. Public Awareness Campaigns: Educating consumers about the risks of adversarial attacks and
the importance of cybersecurity can help mitigate the effects of these threats. By adopting secure
communication practices, consumers can play an active role in safeguarding their data.

Conclusion

Adversarial attacks pose a serious threat to Nigeria's growing telecommunications sector, especially as
5G and Al technologies become more integrated. These attacks can cause financial losses, service
disruptions, and a loss of consumer trust. To address these risks, stakeholders must adopt proactive
strategies such as adversarial training of machine learning models, Al-based threat detection and
blockchain security. Strengthening workforce skills, sharing threat intelligence, and enforcing regulatory
compliance will also be crucial to protecting the telecom infrastructure and supporting Nigeria’s digital
growth.
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