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Abstract: Brain-computer interfaces (BCIs) are a means of communicating between the 
computer and the human brain. They are being used in healthcare, assistive devices, and human-
machine interaction. While there are many benefits to using a BCI, there are also some serious 

concerns about security and privacy. Brain data is very sensitive. Once it is exposed, it can neither 
be altered nor replaced. Because of this, it is very important that neural data is protected. 

Most existing BCI security systems employ machine learning or static rules. These methods 
are able to detect pattern, but they often work like a black box. They are difficult to understand, 
very easy to mix up with attacks, and have little power in enforcing privacy rules. This restricts 
their reliability in real world BCI systems. 

This review examines potential neuro-symbolic AI agent use to enhance cybersecurity and 
privacy in BCIs. Neuro-symbolic AI is a combination of neural networks and symbolic rules and 

logic. This enables systems to learn from data while also adhering to strict security and privacy 
rules. The paper summarizes for common security and privacy threats in BCI systems and 
compares different AI approaches. It also explains how neuro-symbolic agents can help to support 
safer, more transparent, and more trustworthy BCI systems. In addition, the review covers 
privacy-preserving techniques, such as federated learning and differential privacy. Ethical and 
legal concerns concerning the protection of brain data are also presented. Open challenges and 
future research directions are discussed at the end of the paper. 

 

Keywords: Brain--Computer Interfaces; Neuro-Symbolic AI; Cybersecurity; Brain Data 
Privacy; Intelligent Agents; Explainable AI; Privacy Protection. 

 

 

I.INTRODUCTION 
Brain-computer interfaces (BCIs) are systems that enable direct communication between the human brain and 

external devices. They work by gathering brain signals and converting them into commands for computers, machines or 

software [1]. In recent years BCIs have left research labs and are used in the real world. They have found application in 

healthcare, assistive technology and human-machine interaction systems [2]. For example, BCIs are used to assist patients 

with paralysis to communicate, control wheelchairs or interact with digital devices. They are also under investigation in the 

areas of rehabilitation, mental health monitoring and adaptive user interfaces [3]. 

As the BCI technology expands, so does the volume of data on the brain being collected and processed [4]. Brain 

data is very different from other forms of personal data. It is heavily connected to a person's identity, behavior, and mental 

condition. Brain signals can give information about emotion, intention, health conditions, as well as personal traits [5]. Unlike 

passwords or ID numbers, brain data cannot be changed should it be leaked or misused. And once exposed, the loss of privacy 

may be permanent. Because of this, the neural data is deemed as one of the most sensitive forms of personal data. 

The rise in the use of BCIs has also led to a rise in security and privacy risks. BCI systems are frequently based on 
wireless connections, cloud platforms, and artificial intelligence models [6]. These components add a large number of points 

where attacks can occur. Cyber attackers could potentially attempt to steal brain data, to modify signals or to manipulate 

system outputs. Privacy Attacks can be employed to derive the personal information from the neural signals without the 

consent of the user. Security attacks can be used to interrupt the operation of BCI or to cause harmful system behavior [7]. 

These risks are particularly serious in the context of medical and assistive applications, where a system failure or misuse of 

data can directly affect the users. 

To overcome these issues, several BCI systems use security solutions that are based on machine learning. Machine 

learning models are applied to tasks such as user authentication, anomaly detection and signal classification [8]. While these 

methods are powerful, they also have important weaknesses. Most machine learning models are black boxes. They make 
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decisions with no clear explanations [9]. This makes it hard for developers, users and regulators to know why a security 

decision was made. In safety-critical systems such as BCIs, lack of transparency is a big concern. 

Another drawback of traditional machine learning-based security is poor policy enforcement. Security and privacy 

rules, e.g. consent requirements or access restrictions, are often managed outside the learning model. Machine learning 

systems are not programmed to reason about rules, ethics or legal constraints [10]. As a result, even accurate models may 

violate the privacy policies or user preferences. This leaves a gap between technical performance and responsible system 

behavior. 
Traditional methods in machine learning also have problems with robustness. They may be sensitive to noisy data 

and adversarial inputs [11]. In BCI systems, the neural signals can be manipulated by attackers to confuse the models or 

cause false outputs. After being trained, many models are hard to adapt safely without retraining. This makes them less 

reliable in dynamic and high-risk environments. 

These limitations demonstrate that learning-based security is not sufficient for BCI systems. There is an increasing 

demand for methods that are capable of both learning from data and reasoning about rules, context and policies. Neuro-

symbolic AI agents represent a promising direction of work to meet this need. Neuro-symbolic AI is the combination of 

neural network and symbolic reasoning [13]. The pattern learning by neural networks is based on brain signals. Symbolic 

components are representations of rules, knowledge, and constraints in a clear and structured manner. 

By combining learning and reasoning, neuro-symbolic AI agents can make security decisions that are both adaptive 

and explainable. They are able to identify threats based on learned patterns and they also implement explicit privacy and 

security rules. This enables systems to understand why data access is permitted or not permitted. It also helps to align better 
with ethical, legal and user-defined policies. 

This review discusses the role of neuro-symbolic AI agents in brain-computer interface-based privacy-enhanced 

cybersecurity. It provides a review of the BCI threat space, compares existing AI-based security solutions, and discusses how 

neuro-symbolic agents can address limitations of current approaches to security. The paper also discusses privacy-preserving 

techniques, ethical concerns and open research challenges. The purpose is to form a clear and accessible basis for future 

research of secure, trustworthy and human-centered BCI systems. 

 

II. BRAIN-COMPUTER INTERFACE SYSTEMS AND DATA SENSITIVITY 

Brain-computer interface systems are systems that connect the human brain to computers or other digital devices. 

They are based on collecting brain signals and converting them into useful commands . These systems are commonly used 

in healthcare, assistive technology, and interactive systems. To understand the risks to security and privacy that arise in BCIs 
it is important first to understand how these systems work and why brain data is so sensitive. This section describes the basic 

BCI workflow and illustrates where security problems can arise. 

 

2.1 BCI System Pipeline 

A typical BCI system follows a step-by-step process which is called a pipeline. The first is neural signal acquisition. 

In most non-invasive BCIs, this is done through electroencephalography, or EEG [15]. EEG devices use sensors on the scalp 

to record the electrical signals in the brain. These signals are weak, noisy and susceptible to movement and external 

interference [16]. Since the sensors are often connected wirelessly, this stage can be prone to security risks. 

After the signals are gathered, they are transmitted to a decoding system. This system takes the raw brain signals 

and then extracts from it useful patterns. Machine learning models are usually employed for classifying these patterns [17]. 

For example, the system may identify if a user wants to move a cursor or choose an option. This step makes extensive use of 

artificial intelligence and software systems that can be deployed on a local computer or in the cloud. Any weakness in this 
stage can impact on the accuracy and safety of the entire system. 

The last step in the pipeline is the application level output. The brain signals decoded are converted into actions 

[18]. These actions can be to control a wheelchair, to type text, to move a robotic arm or to interact with a digital application. 

At this point, mistakes or attacks can cause potentially dangerous consequences. If the system generates the wrong 

commands, the user could end up losing control or could be at risk for safety. For this reason, all stages of the BCI pipeline 

need to be protected. 

 

2.2 Sensitivity of Neural Data 

Neural data is one of the most sensitive types of personal data. We can tell from brain signals much more than just 

commands [19]. They can also be used to provide information about a person's thoughts, emotions, and mental state. Research 

has shown that brain data could be used to infer stress levels, attention, emotional responses and even some health conditions 
[20]. This makes neural data highly personal and intimately linked with human identity. 

Another significant issue is the long-term privacy threat of brain data. Unlike passwords or biometric scans, brain 

signals are hard to alter [21]. A person cannot easily change their brain patterns if their data is leaked or misused. This means 

that once the neural data is exposed, the loss of privacy may be permanent. Future technologies may also be able to pull out 

more information than is possible today from stored brain data. 
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Neural data also cannot be revoked easily [22]. If a database of brain signals is copied or stolen, the user has no way 

of taking that data back. This poses serious ethical and legal issues. For these reasons, brain data needs more protection than 

most other pieces of personal information. Security systems need to handle neural data with the utmost care. 

 

2.3 Security Exposure in BCI Workflows 

BCI systems are vulnerable to security attacks at numerous points. One of the major risks is the wireless 

transmission [23]. Usually, EEG devices transmit data over the air to computers or servers [24]. Wireless connections can 
be intercepted by hackers if they are not properly secured. This leads to possibilities of data theft or signal manipulation. 

Another risk comes in the area of AI-based decoding. Machine learning models are used to process the brain signals 

and make decisions. If these models are attacked or manipulated, they may give false or harmful outputs [25]. Adversarial 

signals can be used to confuse the system. Model weaknesses can also be exploited and used for sensitive information 

extraction. 

The last threat presents itself from application integration. BCI systems are frequently linked with external software, 

devices, or cloud services [26]. Each connection adds to the attack surface. If an attacker is able to get access at this level, 

he or she can control system behavior or access private data. 

The figure shows how the brain signals are transmitted from the user to the system, showing at potential points of 

intervention by an attacker. This visual grounding is useful in explaining the security threats that are discussed in later 

sections.3 Cybersecurity and Privacy Risks in BCI Systems 

 

 
Figure 1 BCI User–System–Adversary Illustration 

 

III. CYBERSECURITY AND PRIVACY THREATS IN BCI SYSTEMS 

Brain-computer interface systems have a wide range of security and privacy vulnerabilities. These risks are present 

due to the fact that BCIs are connected to digital applications, collect brain signals, process them with the aid of AI. Each 

step of this process can be attacked by attackers. Unlike traditional computer systems, the systems for BCIs deal with brain 

data, the impact of attacks are much more serious [27]. A successful attack can undermine privacy, safety and user trust. In 

this section, the main types of threats are explained in a clear and structured manner. 

 

3.1 Threat Model 

A threat model describes who the attackers are, and which parts of the system they may attempt to attack . In BCI 

systems, external hackers, malicious insiders or even compromised software elements can serve as attackers. These attackers 
may have different goals, such as stealing data, manipulating system behaviour, or causing harm to users. Understanding 

where attacks can occur is helpful in the design of better protection. 

One common object of attack is the signal acquisition stage. At this stage, the brain signals are gathered by EEG 

sensors from the user. If attackers make it here, they may inject false signals or catch raw brain data . Because EEG devices 

are often wireless, their data transmissions can be listened to or altered by an attacker before reaching the decoding system. 

This makes the first stage of the BCI pipeline an important security point. 

Another major target is the AI decoding stage. This is where machine learning models process the brain signals and 

make decisions. Attackers may attempt to confuse these models, or make them give incorrect outputs. If the AI system is 

weak or not well protected, it is possible for attackers to exploit its behavior. This can result in wrong commands or dangerous 

actions. 

Attackers may also attack data storage and applications. The brain data is often stored for training, analysis or later 
use. If storage systems are breached, sensitive neural data may be stolen or copied . Applications that use BCI outputs can 

also be manipulated resulting in loss of control or violation of privacy. 
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3.2 Privacy Attacks 

Privacy attacks are concerned with the extraction of private information from brain data. Neural data contains much 

more than mere control signals. It can show emotional condition, attention level and mental conditions . Attackers can analyse 

brain signals stored or transmitted to infer private information without user consent. This kind of attack is known as neural 

data inference. 

Another major threat to privacy is re-identification. Even if brain data is anonymized, it is possible for attackers to 
link it back to a certain person [33]. Brain signals are often unique and have their own pattern which can be a fingerprint. By 

combining neural data with other types of information, it is possible for the attackers to determine the user identity and track 

them over time. This produces privacy risks for long-term periods. 

Cognitive state leakage is another major concern. Attackers can gain information about what a user is thinking, 

stressed or feeling [34]. This information can be used for profiling, manipulation, or discrimination. Because the users won't 

know what their brain data reveals, these attacks are particularly damaging. Protecting privacy in BCI systems requires more 

than the simple hiding of data. 

 

3.3 Cybersecurity Attacks 

Cybersecurity attacks are intended to interfere with the system behavior or capture the functionality of BCI 

functions. One attack that is very common is signal spoofing. In this attack, false brain signals are injected into the system 

[35]. The BCI may then interpret these signals as actual commands. This can cause the system to do things that the system 
user did not intend it to do. 

Adversarial EEG inputs are another attack. These inputs are specially crafted signals to confuse the machine learning 

models [36]. Even small changes in the signal can cause the AI system to make wrong decisions. These attacks are very hard 

to detect, since the signals may appear normal in the eyes of humans. 

Model poisoning attacks focus on the training process of the AIs. Attackers can add malicious data into the training 

set [37]. As a consequence, the model learns the wrong patterns or backdoors. Later, the attacker can trigger these backdoors 

to control the behavior of the system. This is the type of attack that is dangerous, because it is difficult to detect after the 

model is deployed. 

Below, Table 2 summarizes the key cybersecurity and privacy attacks in BCI systems, including their target layer(s), 

impact(s), defense(s) and primary limitation(s). The table underlines the fact that present defences can often be limited and 

are focused on technical protection where possible, without understanding the intent or context. 
 

Attack Type Target Layer Impact Existing Defenses Limitations 

Signal spoofing Acquisition Loss of control Encryption No semantic checks 

Adversarial EEG AI decoding Misclassification ML defenses Black-box behavior 

Data inference Storage Privacy breach Anonymization Weak privacy guarantees 

Model poisoning Training Hidden backdoors Secure training Poor explainability 

 
Table 1 Cybersecurity and Privacy Attacks in BCI Systems 

 

IV. AI PARADIGMS FOR BCI CYBERSECURITY: COMPARATIVE VIEW 

Artificial intelligence is extensively used for better security in brain computer interface systems. AI is useful in 
detecting threats and safeguarding data as well as controlling the data access on their systems [38]. Most of the current BCI 

security solutions are based on either machine learning models or rule-based solutions. Each approach has its benefits but 

each has obvious limitations. This section presents a review of these approaches and describes why neither one is entirely 

appropriate by itself for secure BCI systems. 

 

4.1 Machine Learning Based Approaches to Security 

The methods used in machine learning are generally used for security tasks in BCI systems. One important use is 

that of user authentication. In this case, the machine learning models learn the patterns from the user's brain signals and use 

it to verify the identity [39]. These models are able to adapt to different users and changing conditions. This makes them 

useful in dynamic environments where signals change with time. 
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Machine learning is also used for Anomaly detection. In this approach, models are trained on what normal brain 

signal behaviour looks like [40]. When there are unusual patterns, the system sends out an alert. This can help to detect 

attacks, errors, or abnormal behavior of the system. Because machine learning can process large amounts of data, it is ideal 

for continuous monitoring. 

 Another application is EEG based pattern learning. Machine learning models are trained with a set of patterns in 

brain signals and their corresponding commands or actions [41]. These models can be trained to high accuracy when they 

are fed enough data. However, their decisions are sometimes difficult to explain. Users and developers cannot know why a 
certain signal accepted or rejected. This lack of transparency is a serious weakness in security-critical systems such as 

BCIs. 

 

4.2 Rule-Based Systems 

Rule-based systems involve predefined rules for controlling security behavior. These rules are written by the experts 

and describe clearly what is allowed and what is not [42]. In the case of BCI systems, rule-based methods are frequently 

employed when it comes to enforcing policies. For example, there could be rules on who has access to brain data and under 

what conditions. So that makes the system easy to audit and understand. 

Rule based systems are also used in access control. They can control data access according to user roles, device 

types, or context of use. Since the rules are explicit, decisions taken by the system are easy to explain. This is important for 

fulfilling ethical and legal requirements, particularly for healthcare settings. 

However, there are major limitations with rule-based systems. They do not learn from data [43]. In case the 
environment is changed or the attack patterns are new, the rules need to be updated manually. This makes rule-based systems 

inflexible and slow to change. In complex and evolving BCI environments, fixed rules are not sufficient to ensure good 

security. 

 

4.3 Comparative Analysis and shortcomings 

Machine learning and rule-based systems each address part of the security problem, but neither is able to solve the 

problem completely. Machine learning systems are adaptive and powerful, but they are often opaque [44]. Their decisions 

are difficult to explain and they may not warn you before violating the privacy rules. That makes them risky in systems that 

deal with sensitive brain data. 

Rule-based systems, on the other hand, are transparent and easily controlled. They are clearly following security 

and privacy policies [45]. However, they do not have flexibility and learning ability. They are not able to react easily to new 
threats or unexpected behavior. This restricts their usefulness in real-life BCI systems. 

Below, Table 1 compares machine learning-based systems, rule-based systems and neuro-symbolic AI based on 

major security dimensions. The table clearly illustrates why neither machine learning nor rules alone is sufficient. This 

comparison makes a natural lead to neuro-symbolic AI, which sets out to merge the best of both methods and diminish the 

weaknesses of each. 

 

Dimension ML-Based AI Rule-Based Systems Neuro-Symbolic AI 

Learning capability High Low High 

Explainability Low High High 

Adversarial robustness Medium Low High 

Policy enforcement Weak Strong Strong 

Suitability for BCIs Limited Poor Excellent 

Table 2 Comparison of AI Paradigms for BCI Cybersecurity 
 

V.NEURO-SYMBOLIC AI- LEARNING-REASONING INTEGRATION 

Neuro-symbolic AIs are the combo of two approaches which are utilized in the building of intelligent systems. One 

part is concerned with learning from data. The other part is concerned with reasoning on the basis of rules and logic [46]. 

Instead of having to choose between learning or reasoning, in neuro-symbolic AI, both are combined in a single system. 

Such a combination is particularly useful for complex and sensitive systems, such as brain-computer interfaces. In such 

systems, decisions must be accurate, explainable and safe simultaneously. 

 

5.1 Neuro Symbolic AI Fundamentals 
Neuro-symbolic AI is based on two primary components. The first component is learning at the neurological level. 

Neural net is an approach to learn patterns in data [47]. In the case of BCI systems, the neural networks learn from brain 

signals. They help the system to understand user's intentions, recognize signal patterns and handle noise. Neural learning is 

powerful because it is able to adapt to different users and changing conditions. 
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The second component is a symbolic reasoning. Symbolic systems make use of rules, logic, and structured 

knowledge. These rules are goals, constraints and policies [48]. For example, symbolic rules can be used to define privacy 

limits, access rights or safety conditions. Symbolic reasoning makes the behavior of the system clear and understandable. It 

enables the system to provide the explanation for why a decision has been taken. 

By integrating neural learning with symbolic reasoning, neuro-symbolic AI inherits the best of both worlds. The 

system is able to learn from complex data and follow clear rules. This makes it more suitable for environments where both 

flexibility and control are required. In the case of BCI systems this balance is very important. 

 

5.2 Encoder- Decoder and Reasoning Loop 

Neuro-symbolic systems often take the form of encoder-decoder. The encoder takes raw data and turns it into a 

symbolic one [49]. In the case of BCIs, the encoder takes the brain signals and extracts meaningful features. These features 

are then mapped onto symbolic representation. This step makes it possible for the system to go from the raw signals to 

something that can be understood. 

Once the data is in symbolic form, a reasoning engine is used. This engine uses rules and goals on the symbolic 

information [50]. It examines whether the actions are permitted, safe, or in accordance with policies. Decisions are made 

using information that has been learned as well as predefined rules. This is known as goal directed reasoning. 

The system does not stop once it has made a decision. Feedback from the environment is used for improving future 

behavior. If a decision causes a problem, the system can make a new adjustment in its learning or change its rules. This gives 

rise to a closed-loop process. Figure below shows the loop of neuro-symbolic learning and reasoning where neural learning, 
symbolic reasoning and feedback are continuously connected. This loop helps the system to improve whilst still remaining 

under control. 

 

 
Figure 2 Neuro-Symbolic Learning and Reasoning Loop 

 

5.3 Applicability to Security-Critical Systems 

Neuro-symbolic AI is ideal for security-critical systems such as BCIs. One important advantage is explainability. 

Because symbolic rules are used, it is possible for the system to explain why a decision was made. This is relevant for users, 
developers and regulators. In sensitive systems, decisions made for no apparent reason may result in a lowered trust. 

Another is the advantage of verifiability. Symbolic rules can be checked and tested before they are deployed. This 

enables developers to ensure that security and privacy policies are adhered to . Neural learning simply cannot easily provide 

this level of assurance. Verifiable behavior is particularly important in the case of medical and assistive BCI applications. 

Policy enforcement is the other major strength. Neuro-symbolic systems are able to enforce privacy and security 

rules in the decision process itself. This helps to ensure that learning is not in violation of user consent or ethical limitations. 

The figure shows the interaction of learning and reasoning in a closed cycle, and it gives a good theoretical basis for agent-

based security systems. This integration makes neuro-symbolic AI a promising form to keep sensitive brain data safe. 

 
VI. NEURO-SYMBOLIC ARTIFICIAL INTELLIGENCE AGENTS FOR PRIVACY-ENHANCED BCI 

CYBERSECURITY 
Neuro-symbolic AI can be most powerful if implemented as intelligent agents. An agent is a system that is capable 

of observing its environment, making decisions and taking actions. In the case of BCI cybersecurity, agents are able to 
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monitor brain data, detect risks and apply protections in real time. Instead of having one monolithic system, agent-based 

designs separate the responsibilities into several components. This makes the system easier to understand, manage and secure. 

In this section, operationalization of neuro-symbolic AI is in form of the multi-agent security framework for BCI systems. 

 

6.1 Agent Based Security Paradigm 

An agent-based security system is simple in its cycle. First, the agent perceives the environment. In the case of BCI 

systems, this translates to observing brain signals, system states and data flows. Second, the agent is reasoning about what it 
sees. It relies on patterns learned and symbolic rules of understanding the situation. Third, the agent takes action. This may 

be an act of allowing access to data, blocking a request, or raising an alert. Finally, the agent is learning from the outcome. 

This learning helps better the decisions to be taken in the future. 

This perception-reasoning action-learning cycle enables security systems to act dynamically. Instead of relying on 

fixed rules or static models, agents can adapt to new situations. This is important in BCI systems, where brain signals vary 

from user to user and from time to time. Agent-based designs also allow for continuous monitoring instead of one-time 

checks. This enhances long term security and privacy protection. 

Another important benefit of agent-based security is modularity. Each agent has a definite role and has limited 

responsibility. This simplifies the system and makes it reliable. If one agent fails or does something wrong, other agents can 

continue to function. Modularity can also make the system easier to test, explain and update. For sensitive systems such as 

BCIs, this structure can be very valuable. 

 

6.2 Multi Agent Neuro-Symbolic Architecture 

A multi-agent neuro-symbolic architecture is used at security tasks between several specialized agents. Each of the 

agents is a combination of neural learning and symbolic reasoning in a focused manner. Together, these agents constitute a 

concerted security system. The multi-agent neuro-symbolic architecture featuring the major agents and their interactions is 

given in figure below. This figure is the architectural backbone of the paper and is mentioned throughout this section. 

 
Figure 3 Multi-Agent Neuro-Symbolic Architecture 
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These agent plays a central role. It coordinates communication between every other agent. It receives inputs from 

different components and ensures that the decisions are taken in the correct order. The orchestrator does not make concrete 

security decisions on its own. Instead, it is responsible for workflow management and ensures consistency in the system. 

This helps maintain stability in complex BCI environments. 

The symbolic agent is concerned with policies and rules. It stores the privacy policies, access rules and ethical 

constraints [51]. When a request is made, this agent will check to see if it adheres to defined rules. Because these rules are 

explicit, it is easy to explain decisions made by the symbolic agent. This agent ensures that security decisions are made with 
respect to user consent and legal requirements. 

The neurofunctional agent is concerned with EEG processing and analyzing. It makes use of neural networks to 

study patterns within brain data [52]. This agent deals with noise, variability and user-specific differences among neural 

signals. Its purpose is to give correct interpretations of the brain activity. The result of this agent is passed to other agents to 

do some further reasoning. 

The psychological agent models the context and the state of the user. It takes into account factors such as user stress, 

attention or fatigue [53]. This information aids in the more accurate interpretation of the brain signals. It also supports security 

decisions that are made in context. For instance, more stringent privacy controls may be imposed in the case of sensitive 

mental states being detected. 

The decision fusion agent combines the inputs of all other agents. It rules out conflicts between learned predictions 

and symbolic rules [54]. If a neural model does suggest to allow access, but a rule forbids it, the fusion agent makes sure that 

policies take priority. This step of conflict resolution is very important in order to ensure privacy and safety.  
The learning agent handles the improvement of the system overtime. It adapts neural models according to feedback 

and results. It may also propose updates of the rule in case of new patterns. This enables the system to adapt without losing 

control. Learning is constrained by symbolic rules in order to avoid unsafe behavior. 

 

6.3 Explainable and Privacy-Ware Decisions 

One of the biggest advantages of neuro-symbolic AI agents is explainable decision-making. Because the rules of 

the symbolic systems are part of the system, it is possible to trace back decisions to clear reasons [55]. For instance, in 

situations where access to brain data is not permitted, the system can describe what rule was violated. This transparency is 

important for user trust and regulatory compliance. 

Privacy-aware decisions are enforced with the help of access control based on rules. Privacy rules determine who 

can use data, when to use it, and for what purpose [56]. These rules are verified at the time of every decision. Even if there 
is no immediate risk detected by a neural model, access can still be denied based on privacy policies. This is to make sure 

that learning does not override user rights. 

Conflict resolution is another major feature. In many cases, the learned models and the symbolic rules may 

contradict each other [57]. The neuro-symbolic architecture is designed to deal safely with such conflicts. Symbolic rules are 

hard constraints, whereas neural outputs are recommendations. This hierarchy ensures that privacy and security policies are 

always implemented. 

Interpretable outputs are produced for the users and system operators. Instead of giving vague alerts, the system 

gives explanations. These explanations state what data was asked and which rules were used, and why a decision was made. 

Figure below shows the contribution of different agents to a final decision, which strengthens the multi-agent architecture as 

the basis of explainable and privacy-enhancing BCI cybersecurity. 

 
VII.PRIVACY-ENHANCING TECHNOLOGIES IN NEURO-SYMBOLIC AGENTS 

Neuro-symbolic AI agents do not guarantee privacy because they learn by themselves. They also use technical tools 

that minimize the data at risk and have control over the processing of information. These tools are referred to as privacy-

enhancing technologies. When taken in combination with symbolic reasoning, they enable privacy to be enforced in a clear 

and controlled manner. This section describes how important privacy technologies operate within a neuro- symbolic agent 

framework. The focus is on how rules and reasoning inform these technologies to protect brain data. 

7.1 Federated Learning 

Federated learning is a technique in which the data remains close to the user. Instead of sending information about 

their brain to a central server, the learning process occurs on the user's device [58]. We do not share raw EEG signals, but 

only model updates. This greatly reduces the risk of data leakage. For BCI systems, this is important as the data from the 

brain is very sensitive. 

In a neuro-symbolic system, federated learning is informed by symbolic rules. These are rules that specify what 

information can be shared and under what conditions [59]. The symbolic agent makes sure the policies related to privacy are 

followed during training. This ensures that learning is consistent with user consent and system rules. 

Federated learning also enables collaboration among multiple devices without central data storage [60]. Neuro-

symbolic reasoning is useful to guarantee that all participating devices use the same policies. This forms a balance between 
learning from a variety of data while still ensuring a high level of privacy protection. 
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7.2 Differential Privacy 

Differential Privacy works by encrypting data by adding controlled noise. This noise makes it hard to determine 

individual users from the data [61]. In BCI systems, differential privacy is used to prevent the extraction of personal 

information from the brain signals by the attacker. However, too much noise can decrease accuracy. 

Neuro-symbolic agents help to control this balance. Symbolic rules are used to define privacy budgets, which sets 

the limit of how much information can be revealed. These rules help to ensure that the noise is added in a careful and 
meaningful way. Privacy protection is not left to chance or manual tweaking. 

By utilizing symbolic constraints, the system can vary the level of privacy depending on the context. For example, 

more stringent privacy rules may be implemented for data that is considered to be highly sensitive. This makes differential 

privacy safer and more reliable in real-world BCI systems. 

 

7.3 Secure Computation and Execution 

Secure computation methods ensure data safety when it is being processed. Secure multi-party computation - 

multiple systems can compute results without having to share their raw data [62]. This is useful when different BCI systems 

need to work together while ensuring data privacy. Neuro-symbolic reasoning is used to ensure that these computations 

conform to prescribed rules. 

Trusted execution environment as it provides hardware-level protection. They allow sensitive computations to be 

isolated in spaces where they can run safely [63]. Even if the main system gets compromised, data inside these environments 
is safe. Symbolic rules may regulate the use of these environments, when and how they are used. 

Together, secure computation and trusted execution provide powerful complementary technical protection. When 

guided by symbolic reasoning, these tools become part of a larger (and policy-aware) privacy system. This ensures that 

privacy protection is both of a technical and a logical nature. 

Below, the main privacy-enhancing technologies used within neuro-symbolic agents are compared in Table 3. The 

table indicates their strengths and their limitations and the particular advantages derived from the use of the symbolic 

reasoning. 

 

Technology Role Strength Limitation Symbolic Benefit 

Federated 

learning 

Decentralized 

learning 
Data locality 

Communication 

overhead 
Policy consistency 

Differential 

privacy 
Noise injection Formal privacy Accuracy loss Rule-bounded noise 

Secure multi-

party computation 
Secure inference Strong security 

High computation 

cost 
Verified workflows 

Trusted execution 

environments 
Hardware security Data isolation 

Deployment 

complexity 
Logical verification 

Table 3 Privacy-Enhancing Technologies Integrated with Neuro-Symbolic Agents 

 
VIII. ETHICAL, LEGAL, AND GOVERNANCE IMPLICATIONS 

The use of brain-computer interfaces raises serious ethical and legal questions. Brain data is highly personal and 

closely associated with human identity [64]. If abused, it can be destructive to dignity, autonomy and freedom. For this 

reason, BCI systems have to be protected by more robust ethical standards than a lot of other technologies. Security systems 

are required to be designed with people's values. 

Mental privacy and cognitive liberty are major issues. Users should have full control over how their brain data is 

collected and used. Neuro-symbolic AI agents help to protect these rights by enforcing clear rules. These rules are to ensure 
that brain data is only used for approved purposes. This helps to reduce the risk of misuse and exploitation. 

Consent is also another critical issue. Users need to make it clear that they agree to the way their data is handled. 

Symbolic rules permit consent conditions to be written and imposed within the system itself. If consent is revoked or 

restricted, the system can immediately change its behavior. This makes consent meaningful and enforceable. 

Explainability is also important when it comes to regulation, and trust. Many laws mandate systems to explain 

automated decisions. This is supported by neuro-symbolic systems which give clear reasons for every action. This assists the 

understanding of system behavior by users, doctors and regulators. 
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Finally, responsible deployment is crucial. Neuro-symbolic BCI security agents should be tested, audited and 

monitored through time. Developers must ensure that systems are fair, transparent and safe. By combining technical 

protection with clear rules and ethical reasoning, neuro-symbolic AI helps to build trustworthy and responsible BCI systems. 

 
IX. OPEN QUESTIONS AND ADVANCES FOR FUTURE STUDIES 

Although neuro-symbolic AI agents have great potential to ensure the security of BCI systems, there are still many 

challenges. One of the biggest challenges is real-time operation. BCI systems are required to react quickly to brain signals. 
Any delay is liable to reduce usability or cause safety issues [65]. Neuro-symbolic reasoning can introduce additional 

processing steps, which can potentially slow down the system. Future studies will need to focus on making reasoning fast 

enough to be used in real time for BCI without losing accuracy or security. 

Scalability is also another challenge. With the expansion of BCI systems, possibilities can arise of many users, 

devices and agents. Managing communication and coordination between several neuro-symbolic agents can be complex [66]. 

Large scale systems may also require a larger amount of computing resources. Researchers need to design lightweight agent 

architectures that could scale efficiently without compromising privacy and security. 

Knowledge engineering is also hard. Symbolic reasoning relies on rules, policy and structured knowledge. Creating 

these rules requires the input of experts and careful design. Poorly written rules can cause conflicts or reduce the system 

performance [67]. It can also be difficult to update rules over time. Future work will need to investigate ways to automatise 

or semi-automatise generation and maintenance of symbolic knowledge. 

Another open problem is benchmarking and evaluation. Currently, there are not many standard datasets and 
benchmarks for secure BCI systems. Most research is on the accuracy of signals and not on security and privacy. Without 

common benchmarks it is hard to compare different approaches. The research community needs standard evaluation 

frameworks which incorporate security, privacy, explainability, and robustness. 

Long-range adaptation and concept drift are additional difficulties. Brain signals are altered over time as a result of 

fatigue, learning, or health conditions. Security threats also change. Neuro-symbolic systems will have to adapt in a safe way 

to these changes. Learning must take place without compromising privacy rules and creating vulnerabilities. So how to 

manage long-term adaptation without breaking trust is currently an open research problem. 

Future research should take a number of directions. First of all, efficient real-time neuro-symbolic reasoning 

methods are required. Second, scalable multi-agent coordination strategies should be developed. Third, improved tools for 

the creation and maintenance of symbolic rules are needed. Fourth, common evaluation criteria for secure BCI should be 

defined. Finally, safe mechanisms of lifelong learning must be designed to manage long-term change. 

 
X.CONCLUSION 

In this review, the role of neuro-symbolic AI agents in privacy-enhanced cybersecurity for brain-computer interfaces 

systems was examined. BCIs provide powerful ways for humans to interact with technology but they also introduce serious 

security and privacy risks. Brain data is so sensitive, personal and hard to protect with traditional methods alone. As BCI 

systems enter the real world, these risks can't be disregarded. 

The paper examined the BCI system pipeline, and identified major cybersecurity and privacy threats. It compared 

the current AI-based security approaches, and revealed that machine learning and rule-based systems both have important 

limitations. Machine learning systems are adaptive and difficult to explain. Rule-based system are clear but rigid. Neither 

approach alone is sufficient when it comes to protecting the sensitive brain data. 

Neuro-symbolic Artificial Intelligence agents were put forward as a promising solution. By combining learning and 

reasoning, these agents support adaptive, explainable and policy-aware security decisions. Multi-agent architectures enable 
various aspects of security and privacy to be dealt with in a structured and modular fashion. The integration of privacy-

enhancing technologies helps to further strengthen protection and ensure that usability of the system is not compromised. 

The review also pointed to ethical, legal and governance issues surrounding brain data. Protecting mental privacy, 

enforcing consent, and transparency are key to responsible BCI deployment. Neuro-symbolic approaches support these goals 

by incorporating rules and explanations directly into the behavior of the system. 

On the whole, neuro-symbolic AI agents are a paradigm shift for BCI cybersecurity. They go beyond the detection 

of patterns towards trustworthy and human-centered security. Future advances will involve collaboration between 

neuroscience, artificial intelligence, cybersecurity, ethics and law. By working together, researchers can develop BCI systems 

that are not only powerful, but also safe, transparent and respectful of human privacy. 
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