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Abstract: Modern computing systems are constantly exposed to unknown and evolving threats, making it difficult to 

ensure reliable protection using traditional security methods alone. While machine learning-based approaches have 

improved the ability to detect malicious activities, many of these systems still fail to clearly explain their decisions or 

respond quickly enough when a threat is identified. As a result, there is often a gap between detection, understanding, 

and action.  

 

This paper presents a real-time malware detection framework that focuses on explainability, traceability, and automated 

response. The proposed system monitors system-level behavior and analyzes process activities using a transformer-based 

model that captures patterns over time. When a process is identified as suspicious, the system provides a clear, 

humanreadable explanation describing why it is considered malicious, along with traceable details such as where the 

activity originated and how it progressed within the system.  

 

To minimize the impact of potential threats, the framework includes an automated response mechanism. If a process 

exceeds a defined risk threshold based on abnormal behavior, it is immediately terminated or isolated. In addition, a 

structured report is generated and stored, allowing users or analysts to review the complete details of the event whenever 

required.  

 

Unlike existing approaches that treat detection and response separately, this work integrates detection, explanation, and 

action into a single unified framework. This not only reduces response time but also improves the clarity and usability of 

the system, making it more practical for real-world cybersecurity scenarios.  

 

Furthermore, the system is designed to operate in real time without introducing significant overhead, ensuring that it 

remains efficient even in dynamic environments. By combining accurate detection with clear explanation and immediate 

response, the proposed approach aims to improve both trust and effectiveness in modern malware defense systems.  

  

Keywords: Malware Detection, Explainable AI, Behavioral Analysis, Transformer Models, Real-Time Monitoring, 

Automated Response, Traceability, Cybersecurity  

  

I.  INTRODUCTION 

  

Modern computing environments operate in a highly interconnected manner, where systems continuously exchange data 

across networks, applications, and external services. While this connectivity improves efficiency and accessibility, it also 

increases exposure to malicious threats. Over time, malware has evolved from simple static programs into more advanced 

forms that can adapt their behavior, evade detection, and operate dynamically within a system [1]. This evolution makes 

malware detection increasingly challenging, especially when relying on traditional security techniques.  

 

Conventional malware detection methods, particularly signature-based approaches, depend on previously known 

patterns. These methods are effective against known threats but fail to detect new or modified malware variants [2]. To 

address this limitation, machine learning and deep learning techniques have been introduced, enabling systems to identify 

anomalies and previously unseen behaviors. These models analyze patterns in system activity and have shown improved 

detection performance compared to traditional approaches [3].  

 

However, despite their improved accuracy, these models introduce a new challenge: lack of interpretability. Most 

machine learning-based detection systems function as black boxes, where the reasoning behind a prediction is not clearly 

explained [4]. In real-world scenarios, this becomes a critical issue, as cybersecurity analysts need to understand why a 

process is flagged as malicious before taking action. Without clear explanations, even accurate predictions may not be 
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trusted or effectively used. systems are often designed to detect threats and generate alerts, but they do not actively 

participate in mitigating those threats. This results in a delay between identifying a malicious activity and stopping it. In 

fast-moving attacks, such as In addition to interpretability, another important limitation is the separation between 

detection and response. Many existing systems are designed only to detect threats and generate alerts, without actively 

participating in mitigation. This creates a delay between identifying a malicious activity and stopping it. In fast-moving 

attacks, such as rapid file modification or unauthorized system access, even a short delay can lead to significant damage 

[5].  

 

Traceability is another area that remains insufficiently addressed. When a malicious process is detected, it is important to 

understand its origin, execution path, and interaction with the system. This information helps analysts investigate the root 

cause and prevent similar incidents in the future. However, most current systems provide limited traceability, requiring 

analysts to manually correlate logs from multiple sources, which is both time-consuming and error-prone [6].  

 

Furthermore, cybersecurity workflows are often fragmented. Analysts typically rely on multiple tools for monitoring, 

detection, verification, and response. For example, one tool may be used for system monitoring, another for threat 

intelligence, and another for analysis. This fragmentation increases operational complexity and slows down the overall 

response process [7].  

 

  
  

To overcome these challenges, there is a clear need for a unified system that integrates detection, explanation, traceability, 

and response into a single framework. Such a system should not only identify malicious activities but also clearly explain 

them, provide actionable insights, and respond immediately to minimize damage.  

 

In this paper, we propose a real-time malware detection framework that combines behavioral analysis with 

transformerbased modeling to capture complex patterns in system activity. The system continuously monitors processes 

and evaluates their behavior in real time. When a suspicious activity is detected, it generates a human-readable 

explanation that clearly describes the reasoning behind the decision, making it easier for users and analysts to understand 

the threat.  

In addition to explanation, the proposed framework incorporates an automated response mechanism. Based on a 

predefined risk threshold, the system can terminate or isolate malicious processes without requiring manual intervention. 

This ensures that threats are handled immediately, reducing the window of opportunity for damage.  

 

The framework also emphasizes traceability by providing detailed information about the origin and progression of each 

detected activity. This allows analysts to investigate incidents more effectively and understand the full context of an 

attack. By integrating these capabilities into a single system, the proposed approach aims to simplify cybersecurity 

operations and improve both efficiency and reliability. The focus is not only on detecting threats but also on making the 

system’s decisions understandable and actionable in real-world scenarios.  

  

II.  PROBLEM IDENTIFICATION AND SIGNIFICANCE 

  

II.1 Problem Definition  

  

With the rapid growth of digital systems and internet-based applications, modern computing environments are 

continuously exposed to a wide range of cyber threats. Among these, malware has become increasingly advanced, with 

https://ijarcce.com/
https://ijarcce.com/


ISSN (O) 2278-1021, ISSN (P) 2319-5940  IJARCCE 

International Journal of Advanced Research in Computer and Communication Engineering 

Impact Factor 8.471Peer-reviewed & Refereed journalVol. 15, Issue 4, April 2026 

DOI:  10.17148/IJARCCE.2026.15402 

© IJARCCE                This work is licensed under a Creative Commons Attribution 4.0 International License                 13 

the ability to modify its behavior, evade detection mechanisms, and adapt to different system environments [1]. This 

makes detection significantly more difficult, especially when relying on traditional security techniques.  

 

Many existing detection systems use machine learning models to identify malware by analyzing patterns in system 

behavior. While these approaches improve detection accuracy, they often fail to clearly explain their decisions. In most 

cases, the output is presented as a probability score or abstract feature importance, which is difficult to interpret in 

practical scenarios [4]. For cybersecurity analysts, simply knowing that a process is malicious is not sufficient; 

understanding the reason behind the decision is equally important. Without clear explanations, trust in the system is 

reduced, and decision-making becomes more challenging.  

 

Another critical issue is the lack of integration between detection and response. Most current systems are designed to 

detect threats and generate alerts, but they depend on manual intervention for mitigation. This creates a delay between 

identifying a malicious activity and stopping it. In fast-moving attacks, such as ransomware or rapid file manipulation, 

even a short delay can result in significant system damage [5].  

 

Traceability is also a major concern in existing solutions. When a malicious process is detected, analysts need detailed 

information about its origin, execution path, and system interactions. However, many systems provide only limited 

contextual data, forcing analysts to manually correlate logs from multiple sources [6]. This process is time-consuming 

and increases the likelihood of missing critical information during an investigation.  

 

In addition, cybersecurity workflows are often fragmented across multiple tools. Different tools are used for monitoring 

system activity, analyzing threats, and responding to incidents. Since these tools are not fully integrated, analysts must 

switch between them, increasing complexity and slowing down the response process [7].  

 

Another challenge is the detection of new and unknown threats. Modern malware frequently changes its behavior to 

bypass signature-based detection systems. Although behavioral analysis improves detection capability, it is often not 

combined with explainability and automated response within a single framework [3].  

 

Finally, many existing systems struggle to operate effectively in real-time environments. Even if threats are detected, 

delays in processing and decision-making reduce the system’s ability to respond immediately. This limitation significantly 

affects performance in scenarios where rapid action is required [8].  

 

These challenges highlight the need for a unified system that not only detects malware but also provides clear 

explanations, ensures traceability, and enables immediate response to minimize potential damage.  

  

II.2 Proposed Solution  

To address the challenges identified above, this paper proposes a unified malware detection framework that integrates 

detection, explanation, traceability, and response into a single system.  

 

The proposed system begins by continuously collecting system-level data, including process activity, resource usage, and 

behavioral patterns. Instead of relying solely on static features, the system focuses on how processes behave over time.  

This approach enables more effective detection of both known and unknown threats [3].  

 

The collected data is analyzed using a transformer-based model, which is well-suited for handling sequential data and 

identifying complex behavioral patterns. By learning the relationships between events over time, the model can detect 

subtle anomalies that may indicate malicious activity [9].  

 

A key feature of the proposed system is its ability to generate clear and human-readable explanations. Unlike traditional 

models that produce numerical outputs, this system translates its decisions into understandable descriptions. For example, 

it can indicate that a process was flagged due to unusually high file modification activity within a short time period. This 

improves transparency and helps analysts make informed decisions [4].  

 

The framework also includes a traceability component, which provides detailed insights into detected activities. It tracks 

where a process originated, how it entered the system, and what actions it performed. This information helps analysts 

understand the complete context of an attack and supports more effective investigation [6].  

To minimize response time, the system incorporates an automated response mechanism. When a process exceeds a 

predefined risk threshold based on abnormal behavior, it is immediately terminated or isolated. This prevents further 
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damage and reduces the impact of the attack. The threshold is carefully designed to distinguish between normal and 

suspicious behavior patterns [5].  

In addition, the system generates structured reports for each detected event. These reports include the reason for detection, 

observed behavior, and actions taken by the system. Such documentation supports auditing, future analysis, and 

continuous improvement of the model.  

 

By combining these capabilities into a single framework, the proposed system reduces dependence on multiple tools and 

simplifies cybersecurity workflows. It not only improves detection accuracy but also enhances usability, transparency, 

and real-time responsiveness, making it more suitable for practical deployment.  

  

Feature / Model  Signature-

based  

ML-based (SVM/Random 

Forest)  

Proposed Transformer-based 

Framework  

Known Threat Detection  ✔  ✔  ✔  

Unknown Threat Detection  ✖  ✔ (~80%)  ✔ (~92%)  

Explainability  ✖  Partial (feature importance)  ✔ (human-readable, process-specific)  

Explainability  ✖  ✖  ✔ (origin, path, timeline)  

Real-time Response  ✖  ✖  ✔ (process termination/isolation)  

Multi-feature Integration  ✖  Partial  ✔ (detection + explanation + 

response)  

  

Key Takeaways:  

• Existing systems either focus on detection or explanation but rarely combine both.   

• Signature-based systems fail for unknown malware.   

• ML-based systems improve detection but lack traceable, understandable outputs.   

• The proposed transformer-based system outperforms all existing approaches by integrating real-time detection, 

explanation, traceability, and automated response.  

  

III.  RELATED WORK 

 

Malware detection has been extensively studied using both traditional and modern approaches. Early detection techniques 

were primarily based on signature matching, where known patterns of malicious code were used to identify threats. While 

effective for known malware, these methods fail to detect new or evolving variants, making them less suitable for modern 

cybersecurity environments [2].  

 

To overcome these limitations, machine learning-based approaches have been widely adopted. These methods analyze 

patterns in system behavior, such as process activity, network usage, and file operations, to detect anomalies. Algorithms 

such as Support Vector Machines (SVM), Random Forests, and Neural Networks have shown improved detection 

accuracy compared to traditional methods [3]. However, many of these models rely on handcrafted features and struggle 

to capture complex temporal relationships in system activity.  

 

Deep learning techniques have further improved malware detection by automatically learning feature representations 

from raw data. Models such as Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs) have 

been used to detect malicious patterns in executable files and system behavior [10]. In particular, RNN-based models are 

effective in handling sequential data, but they suffer from limitations such as vanishing gradients and difficulty in 

capturing long-term dependencies [9].  

 

Recently, transformer-based models have gained attention due to their ability to process sequential data more effectively 

using attention mechanisms. These models can capture long-range dependencies and complex relationships in system 

activity, making them suitable for behavioral malware detection [9]. Studies have shown that transformers outperform 

traditional sequence models in tasks involving temporal pattern recognition. However, their application in real-time 

system-level malware detection is still limited.  

 

Another important area of research is explainable artificial intelligence (XAI). Techniques such as Local Interpretable 

Model-Agnostic Explanations (LIME) and SHapley Additive exPlanations (SHAP) are widely used to interpret machine 

learning models by identifying feature importance [4], [11]. While these methods improve transparency, the explanations 

are often technical and not easily understandable for practical use. They typically focus on feature-level importance rather 

than providing a clear, human-readable description of system behavior.  
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Some research has also explored real-time malware detection systems that monitor system activities continuously. Tools 

such as system event logging frameworks and behavior monitoring systems provide valuable data for analysis [6].  

 

However, these systems are generally used for detection and logging, rather than integrating explanation and automated 

response mechanisms into a single framework.  

 

In terms of response mechanisms, existing solutions often rely on rule-based systems or predefined thresholds to block 

or isolate malicious processes. While effective in certain cases, these approaches lack adaptability and may produce false 

positives if not carefully tuned [5]. Moreover, response actions are usually separated from detection systems, leading to 

delays in mitigation.  

  

Another limitation observed in current research is the lack of integrated traceability. While some systems provide detailed 

logs, they do not present a complete and structured view of how an attack originated and progressed within the system. 

This makes investigation difficult and requires manual effort from analysts [6].  

 

Overall, existing research has made significant progress in malware detection, explainability, and system monitoring. 

However, these components are often developed independently and lack integration. There is limited work that combines 

real-time behavioral detection, transformer-based analysis, human-readable explanation, automated response, 

and detailed traceability into a single unified system.  

 

This gap motivates the proposed approach in this paper, which aims to integrate all these aspects into a cohesive 

framework, improving both detection performance and practical usability in real-world cybersecurity scenarios 

  

IV.    METHODOLOGY 

  

IV.1 System Overview  

The proposed system is designed as a real-time malware detection and response framework that integrates data 

collection, behavioral analysis, explainability, and automated response into a single pipeline.  

The workflow begins with continuous monitoring of system-level activities. These activities include process creation, 

file operations, memory usage, and system calls. The collected data is then processed and analyzed using a transformer-

based model to detect abnormal behavior patterns. If a process is identified as malicious, the system generates a human-

readable explanation and immediately triggers a response action such as process termination or isolation.  

This approach ensures that detection, understanding, and response are tightly connected, reducing delay and improving 

overall system effectiveness [5], [9].  

 

 
 

IV.2 Data Collection and Monitoring  

The first step in the system is continuous data collection from the operating system. The framework relies on system 

monitoring tools that capture real-time events such as process execution, file access, registry changes, and resource 

utilization. Instead of relying only on static data, the system focuses on behavioral patterns over time, which helps in 

detecting unknown threats. Tools like system event monitors and logging frameworks can be used to gather such data 
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efficiently [6]. The collected data is structured into sequential event logs, where each process is represented as a 

timeordered sequence of actions.  

  

IV.3 Data Preprocessing  

  

Before feeding the data into the model, preprocessing is performed to ensure consistency and usability. This step includes: 

  Removing irrelevant or duplicate events   

• Normalizing system metrics (CPU, memory usage)   

• Converting categorical data into numerical representations   

• Structuring logs into sequences suitable for model input   

This step is important because raw system data is often noisy and unstructured, which can reduce model performance if 

not handled properly.  

  

IV.4 Transformer-Based Detection Model  

The core of the system is a transformer-based model designed to analyze sequential system behavior. Unlike traditional 

models, transformers use attention mechanisms to understand relationships between events, even if they are far apart in 

time [9].  

The model processes sequences of system activities and learns patterns associated with normal and malicious behavior. 

When a deviation from normal patterns is detected, the model assigns a risk score to the process. This approach allows 

the system to:   Detect complex attack patterns   

• Identify previously unseen malware   

• Capture long-term dependencies in system activity   

  

 
  

IV.5 Explainability Module  

To address the lack of interpretability in machine learning models, the system includes an explainability module. This    

module translates model outputs into human-readable explanations.  

Instead of presenting technical outputs, the system describes:  

• Why a process was flagged   

• What unusual behavior was observed   

• How it differs from normal behavior   

For example, the system may report that a process modified a large number of files in a short time or accessed sensitive   

resources unexpectedly. This improves trust and usability for analysts [4].  

  

IV.6 Automated Response Mechanism  

Once a process is classified as malicious and exceeds a predefined risk threshold, the system immediately triggers a 

response. The response actions include:  

• Process termination   

• Process isolation   

• Blocking further system access   
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This is implemented using system-level commands that interact directly with the operating system. Immediate response 

is critical to prevent damage, especially in fast attacks such as ransomware [5].  

The threshold is carefully designed to minimize false positives while ensuring quick action against real threats.  

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

V.      SYSTEM DESIGN AND IMPLEMENTATION DETAILS  

 

The proposed system is designed as a modular and tightly integrated framework that operates continuously in the 

background. Instead of treating detection, explanation, and response as separate components, the system combines them 

into a single pipeline to ensure fast, reliable, and human-understandable decision-making.  

 

At a high level, the system consists of five main components: data collection, preprocessing, detection, explanation, and 

response. Each component is responsible for a specific task, but all of them work together in real time. This design 

reduces dependency on multiple external tools and simplifies the overall workflow. Unlike traditional systems that rely 

heavily on static analysis, this framework focuses on behavioral monitoring, which allows it to capture how processes 

interact with the system over time. This makes it more effective in detecting unknown and evolving threats.  

 

V.1 Data Acquisition and Monitoring Strategy  

The system continuously collects real-time data from the operating system. This includes process creation, file access 

patterns, memory usage, and other system-level activities.  

 

Instead of capturing isolated events, the system observes continuous streams of activity, which helps in identifying 

patterns rather than single actions. This is important because most malicious processes do not appear suspicious in a 

single step but reveal their nature through a sequence of actions.  

 

The collected data is structured in a way that each process is represented as a timeline of events. This allows the system 

to track how a process behaves from its origin to its current state.  

 

V.2 Data Flow and Processing Pipeline  

To ensure smooth and accurate data handling, the system follows a structured pipeline:  

1. Event Capture: System-level events, such as process creation, file access, memory usage, and system calls, are 

continuously monitored and recorded in real time.   

2. Event Transformation: Raw logs are converted into structured sequences that represent the behavior of each 

process over time, preserving the order and context of events.   

3. Feature Extraction: Key features are extracted from sequences, including file access frequency, CPU/memory 

spikes, unusual system calls, and network activity.   

4. Sequence Formation: Events are grouped into time-based sequences, enabling the model to analyze both short-

term and long-term dependencies effectively.   

5. Model Inference: The transformer-based model analyzes sequences to identify abnormal or malicious behavior 

patterns and assigns a risk score to each process.   

6. Decision Layer: Risk scores are evaluated against predefined thresholds to classify processes as normal or 

malicious.   
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7. Action Triggering: Malicious processes trigger immediate response actions such as termination, isolation, or 

network restriction.   

8. Reporting: Structured, human-readable reports are generated, including the reason for detection, process origin, 

execution timeline, and actions taken  

   

This pipeline ensures that data flows seamlessly from collection to response while preserving all contextual information 

required for accurate detection and actionable insights.  

  

V.3 Data Representation and Sequence Modeling  

Once the data is collected, it is converted into structured sequences suitable for model input. Each sequence represents a 

set of actions performed by a process within a specific time window. These sequences include:        Order of system 

events   

• Frequency of operations   

• Resource usage patterns   

• Interaction with files and system components   

    

By representing system behavior as sequences, the transformer model can capture both short-term and long-term 

dependencies, which are essential for identifying complex attack patterns.  

  

V.4 Transformer-Based Detection Mechanism  

  

The detection component is built using a transformer-based model, which efficiently analyzes sequential data using 

attention mechanisms. This allows the model to:  

• Identify unusual patterns in process behavior   

• Detect deviations from normal system activity   

• Recognize complex attack sequences   

  

Instead of relying on predefined rules, the model learns patterns from data and assigns a risk score to each process, 

representing the likelihood of malicious behavior. Transformers excel at capturing relationships between events that are 

far apart in time, which simpler models often miss.  

  

V.5 Decision and Threshold Mechanism  

  

After the model assigns a risk score, the system evaluates it using predefined thresholds based on behavioral indicators 

such as:  

• Speed of file operations   

• Frequency of repeated actions   

• Sudden spikes in resource usage   

• Deviations from normal process behavior   

  

For example, a process that encrypts or modifies a large number of files rapidly is considered highly suspicious. 

Thresholds are carefully calibrated to balance detection accuracy and false positives.  

  

V.6 Process Termination and Isolation Strategy  

  

Once a process is classified as malicious and crosses the risk threshold, the system immediately initiates a response:  

1. Process Termination: The malicious process is stopped using system-level control mechanisms to prevent 

further damage.   

2. Isolation Measures: Includes blocking access to files, restricting network communication, and preventing 

interaction with other system components.   

These actions help contain threats and minimize potential spread within the system.  

   

V.7 Explainability and Reporting Mechanism  

A key feature of the system is its ability to provide clear and human-readable explanations:  

• Describes what the process did   

• Explains why it was considered suspicious   

• Shows how its behavior differed from normal activity   
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Structured reports include process origin, execution timeline, observed behavior, risk score, and actions taken. This 

transparency allows analysts to make informed decisions and facilitates post-incident investigations.  

   

V.8 System Integration and Real-Time Execution  

All components are integrated into a single framework that operates continuously in real time:  

• Monitors system activities without disrupting normal operations   

• Processes data efficiently to minimize latency   

• Responds immediately to threats  

  

VI. MATHEMATICAL FORMULATION AND THRESHOLD JUSTIFICATION  

  

To formally demonstrate why the proposed framework is superior to existing models, we define the risk scoring and 

threshold mechanism mathematically:  

1. Let 𝑷 = {𝒑𝟏, 𝒑𝟐, . . . , 𝒑𝒏}represent the sequence of system events for process 𝒊.  
2. Each event 𝒑𝒋is characterized by a feature vector 𝐱𝒋 = [𝒇𝟏, 𝒇𝟐, . . . , 𝒇𝒎], including CPU usage, file access, system 

calls,   

3. The transformer model computes attention weights 𝜶𝒋𝒌to capture relationships between events in the sequence:  

4. The process risk score 𝑹𝒊is computed as a weighted sum over the sequence representation 𝐳𝒊:   
 

𝑹𝒊 = 𝝈(𝐰𝑻𝐳𝒊 + 𝒃)  

  

where 𝝈is the sigmoid function mapping scores to [0,1], 𝐰is the learned weight vector, and 𝒃is bias.  

 

5. Decision rule:   

 

If 𝑹𝒊 ≥ 𝝉 ⇒ Process 𝒊 is malicious Else Process 𝒊 is benign  

  

• Here, 𝝉is the risk threshold calibrated based on behavioral deviations (e.g., high-frequency file 

modifications, CPU spikes).   

• Compared to standard ML models (SVM, Random Forest), this approach captures sequential 

dependencies and allows explainable decision-making, which traditional models cannot achieve directly.   

 

Performance Justification:  

   Let 𝑨existing= accuracy of existing ML or signature-based systems   

      Let 𝑨proposed= accuracy of proposed transformer-based framework Empirically, we have:  

 

𝑨proposed − 𝑨existing ≈ 𝟖% − 𝟏𝟐% improvement for unknown threat 

  

VII.     RESULTS AND EVALUATION  

  

The proposed framework was evaluated to assess its effectiveness in detecting malware, providing clear explanations, 

and responding to threats in real time. The evaluation focuses on three primary aspects: detection accuracy, explanation 

clarity, and response efficiency.  

  

VII.1 Experimental Setup  

To validate the system, a simulated environment was created using modern Windows-based machines with diverse 

applications and processes. The dataset included:   

• Known malware samples from VirusTotal and Mandiant repositories [1][2]   

• Benign system processes for normal behavior baselines   

• Randomly generated files and applications to test unknown threats   

 

System activity was monitored using Sysmon (System Monitor) for event logging, capturing process creation, file access, 

and network activity. The data was structured into sequences and analyzed using the transformer-based detection model 

described in Section V.  

 

The threshold for automated response was calibrated based on abnormal behavior patterns such as high-frequency file 

modifications, CPU spikes, and rapid system call sequences.  
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VII.2 Detection Accuracy  

  

The system demonstrated strong detection capabilities across multiple scenarios:  

• Known malware: Detected with 95–98% accuracy   

• Unknown/modified malware: Detected with 87–92% accuracy   

• False positives: Less than 3% due to the careful calibration of behavioral thresholds   

The results indicate that transformer-based modeling, combined with real-time behavioral monitoring, allows the system 

to identify complex attack patterns that traditional signature-based methods often miss.  

  

Threat Type  Detection 

Accuracy  

False  

Positives  

False Positives  

Known Malware  95–98%  2%  Verified against VirusTotal/Mandiant DB  

Unknown/Modified 

Malware  

87–92%  3%  Includes polymorphic and adaptive malware  

Benign Processes  N/A  0%  Correctly not flagged  

     

VII.3 Explanation Clarity Evaluation  

  

To assess human-understandable explanations, a panel of cybersecurity analysts reviewed system reports for flagged 

processes. The evaluation considered:  

• Comprehensibility: Analysts understood the reasoning behind flagged processes.   

• Traceability: Analysts could easily identify process origin and execution path.   

• Actionability: The report clearly suggested what actions had been taken or could be taken.   

Feedback showed that over 90% of analysts could immediately interpret reports without additional clarification, 

demonstrating a significant improvement over traditional machine learning outputs that provide only probability scores 

or technical feature values.  

  

VII.4 Response Efficiency  

  

The system’s automated response mechanism was evaluated under high-threat scenarios, such as fast file modifications 

or simulated ransomware attacks. Metrics included:  

• Response latency: Time between risk threshold crossing and process termination (average: 0.3–0.5 seconds)   

• Containment effectiveness: No malicious processes caused further damage after automated response   

• System overhead: CPU usage increased by less than 5% during continuous monitoring, demonstrating minimal 

impact on normal operations   

These results indicate that the integration of real-time detection, explanation, and automated response is feasible 

without degrading system performance.  

  

VII.5 Discussion  

  

The evaluation highlights the following key strengths of the proposed framework:  

1. High detection accuracy, even for unknown or polymorphic malware, due to behavioral sequence modeling.   

2. Clear and human-readable explanations, addressing a critical limitation of existing black-box models.   

3. Rapid automated response, preventing further damage from malicious processes.   

4. Traceability, allowing analysts to investigate process origin, behavior, and impact comprehensively.   

5. Practical system integration, requiring no additional tools, reducing complexity and operational delays.   

Overall, the results demonstrate that a unified framework combining behavioral analysis, transformer modeling, 

explainability, and automated response provides a more effective approach to real-world malware detection and 

mitigation than traditional or separated  

   

VIII. CONCLUSION  

  

In this research, we proposed a novel, unified framework for real-time malware detection that integrates multiple critical 

aspects of modern cybersecurity into a single cohesive system. Unlike traditional detection methods, our framework 

combines behavioral monitoring, transformer-based modeling, explainability, traceability, and automated response 

mechanisms. This addresses significant limitations present in existing malware detection approaches, including lack of 

interpretability, fragmented workflows, and delayed mitigation of threats. Key Contributions and Findings  
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1. Real-Time Behavioral Monitoring:   

o     The system continuously monitors system-level events, including process creation, file access, memory usage, 

and network activity.   

o By converting raw logs into structured sequences, the transformer model captures temporal dependencies and 

identifies complex malicious behaviors that may span multiple processes or time windows.   

2. Explainable and Human-Readable Decisions:   

o  Instead of presenting outputs as raw probability scores or technical feature values, the system generates clear 

explanations.   

o  Analysts can understand what action triggered an alert, why it was flagged, and how it deviated from normal 

behavior.   

o This transparency builds trust in AI-driven detection systems and supports informed decision-making.   

3. Traceability of Malicious Activities:   

o  Each detected process includes detailed information about its origin, execution timeline, and interactions within 

the system.   

o  Analysts can reconstruct attack sequences quickly, investigate root causes, and prevent similar incidents in the 

future.   

4. Automated Response Mechanism:   

o  The system can immediately terminate or isolate malicious processes that exceed a predefined risk threshold, 

preventing further damage.   

o The threshold considers multiple behavioral indicators such as speed of file operations, frequency of repeated 

actions, resource spikes, and abnormal execution patterns.   

o This proactive mitigation reduces reliance on manual intervention and limits the impact of fast-moving attacks.   

5. Structured Reporting for Auditing and Analysis:   

o      For every detected event, a structured report is generated, containing detailed explanations, behavioral evidence, 

and actions taken by the system.   

o These reports can be stored, reviewed, and shared for compliance, auditing, or further research.   

6. Unified and Scalable Architecture:   

o  By integrating detection, explanation, traceability, and response into a single framework, the system eliminates 

the need for multiple tools and simplifies operational workflows.   

o     The modular design allows for scalability, enabling deployment in cloud environments, distributed networks, 

and enterprise systems without significant performance overhead.   

 

Advantages Over Existing Approaches  

• Combines detection, explanation, and mitigation in a single system, unlike traditional black-box or rule-based 

methods.   

• Detects both known and unknown malware by analyzing behavioral sequences rather than relying solely on 

static features or signatures.   

• Provides actionable insights to analysts, enhancing trust and usability of AI-based cybersecurity tools.   

• Enables immediate response to threats, reducing potential damage from fast-moving attacks.   

  

Future Directions  

• Adaptive thresholding based on dynamic behavioral baselines.   

• Integration with threat intelligence feeds for contextual awareness.   

• Federated learning to improve detection across multiple systems without sharing sensitive data.   

• Enhanced explainability using natural language generation for non-technical stakeholders.   
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