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Abstract: Cloud computing has emerged as a fundamental architecture to store data, deploy applications and provide 

scalable digital services. Due to the distributed nature of cloud computing, resource sharing, and dynamic workload 

conditions, there are substantial security issues associated with cloud computing; especially in terms of detecting and 

responding to complex network-based intrusions. Conventional intrusion detection systems are generally limited by 

maintaining high levels of detection accuracy with short response times and providing understandable explanations of 

their decisions. This research will address the balance of detection accuracy and response time through the use of an 

explainable artificial intelligence (XAI)-based cloud intrusion detection framework. We propose a conceptual framework 

that combines machine learning-based anomaly detection, real-time event processing, and explainability methods to detect 

suspicious activity and enable timely responses to potential security incidents. We plan to utilize lightweight feature 

selection, optimized model inference, and explanation generation as complementary elements for increasing operational 

efficiency. In addition to our conceptual framework, we intend to utilize evaluation metrics such as accuracy, precision, 

recall, F1-score, false-positive rate, detection latency, and explanation overhead to assess the performance of our 

framework. Our research will investigate the relationship between predictive performance, computational resources 

needed, and interpretability in order to create a systematic method for assessing the performance of AI-powered cloud 

security systems. Our goal is to develop a transparent, timely, and dependable intrusion detection system without 

sacrificing security functions. To validate the viability of our conceptual framework in real world cloud settings, 

experimental evaluations using representative cloud intrusion data sets and realistic workloads will be conducted. 

Keywords: Explainable AI, Cloud Security, Intrusion Detection, Machine Learning, Detection Accuracy, Response Time, 

Anomaly Detection, Feature Selection, Real-Time Processing, Cybersecurity. 

I. INTRODUCTION 

The way organizations use Information Technology (IT) services has been changed by cloud computing which offers 

organizations many advantages including; flexible infrastructure, scalable storage, virtualized computing resources, and on-

demand application development. Many organizations have come to rely on public, private or hybrid cloud environments to store 

sensitive data, support the daily business functions of the organization, and offer digital services to customers. While there are 

many benefits associated with using cloud environments, there is also an increase in cybersecurity threats to cloud environments 

due to; unauthorized access to systems within the cloud environment; Distributed Denial-of-Service (DDoS) attacks against 

systems within the cloud environment; credential compromise; malicious workloads running on systems within the cloud 

environment; and exploitation of vulnerabilities found in software used in the cloud environment. Cloud environments present 

unique challenges when it comes to monitoring for potential cybersecurity issues. Because cloud environments are dynamic in 

nature, organizations will continually experience changes in their virtual machine instances, container instances, application 

programming interface (API) connections, and network connections. Organizations must utilize Intrusion Detection Systems 

(IDSs) to identify suspicious activity within their cloud environment and to react quickly to protect themselves from further 

harm. However, traditional rule-based and signature-based IDSs may not be able to detect new forms of attacks that have never 

been seen before. On the other hand, complex Machine Learning (ML) models can create additional overhead for organizations 

and provide minimal explanation for why the ML model made a certain prediction. Both types of IDSs demonstrate a need for 

more intelligent approaches to intrusion detection that allow organizations to balance the ability to predict potential security 

threats with the speed at which organizations can respond to potential security threats and provide transparent explanations for 

the decisions made by the IDS. 
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As mentioned above, artificial intelligence and machine learning technologies have grown in importance in terms of being 

able to identify malicious activities through learning patterns from network traffic, system events, authentication records, and 

application logs. When using supervised learning models, it is possible to categorize known types of attacks. On the other hand, 

with unsupervised and semi-supervised learning techniques it is possible to recognize when there are deviations from what 

would normally be expected. Although deep learning models can recognize complex relationships among high dimensional 

security data, the computational demands associated with these models could lead to long inference latencies, especially when 

dealing with large volumes of traffic. Therefore, in real world cloud settings, it is necessary for an intrusion detection system to 

not only identify potential threats accurately but also provide timely alerts so that appropriate actions can be taken to mitigate 

the effects of an attack. Delays in identifying potential attacks can allow an attacker to retain unauthorized access to systems, 

move between various service instances, or steal sensitive information. At the same time, setting overly aggressive detection 

thresholds can result in generating large numbers of false alarms which will add additional work for security analysts and 

potentially disrupt valid operations in the cloud. Another aspect of an effective intrusion detection system is explainable artificial 

intelligence (XAI), which allows security analysts to understand how a model came up with its prediction based on the features, 

patterns, or events used to train the model. Some examples of techniques used for XAI include SHAP (SHapley Additive 

exPlanations), LIME (Local Interpretable Model-Agnostic Explanations), and feature importance analysis. Although these 

techniques allow analysts to see why a particular type of traffic or behavior was determined to be suspicious, generating 

explanations also requires additional processing time and extends the length of time needed to complete the entire detection 

process. Therefore, increasing the accuracy of models alone is not enough; the architecture of the system must take into account 

the combined effects of prediction quality, inference speed, explanation overhead, and response efficiency. 

This study describes a conceptual model to achieve the proper balance of accuracy in detecting threats and speed in 

responding to threats through Explainable Artificial Intelligence (XAI)-enabled Cloud Intrusion Detection Systems (CIDSs). The 

model includes data preparation for security analysis, efficient computational feature selection, threat classification based on 

Machine Learning (ML), adaptive prioritization of alerts, and generation of explanations. An essential component of this model is 

separating the rapid, time-sensitive detection phase from the computationally intensive explanation phase when immediate 

response to a potential security incident is needed. For example, a high-confidence, high-severity alert would result in a pre-

defined protective action, followed by the generation of an explanation that an analyst would review, based upon policies and 

protective measures against false positives. Events that are less urgent will have additional analysis prior to being escalated. 

Evaluation of this model will be performed using standard classification metrics (i.e., accuracy, precision, recall, and F1-score) in 

addition to false-positive rates, detection latencies, response times, throughputs, and explanation overheads. This type of 

evaluation will provide a more complete assessment than simply evaluating accuracy, since a highly accurate model may still be 

unusable in a real-time cloud environment due to excessive delay. Therefore, the primary goal of this research is to create an 

evaluation-driven design for CIDSs that allows for explicit consideration of the tradeoffs associated with accuracy, speed, and 

interpretability. The major contribution of this work is the development of a systematic methodology to incorporate 

explainability into time-constrained CIDSs. 

II. PROPOSED EXPLAINABLE AI-BASED CLOUD INTRUSION DETECTION FRAMEWORK 

A. Data Collection, Preprocessing, and Intelligent Feature Selection 

The success of a cloud-based intrusion detection system (IDS) which utilizes an explainable artificial intelligence (XAI) 

approach will heavily rely upon the quality, relevance, and variety of security data collected for analysis. Cloud environments 

produce vast amounts of network traffic records, authentication logs, activity records of virtual machines (VMs), container 

events, application requests, and system performance metrics. Collecting this data from various sources allows for a 

comprehensive view of both normal and suspicious behaviors. However, the raw security data collected may contain missing 

values, duplicate records, inconsistent formats, irrelevant attributes, and noise, all of which could negatively impact the IDS’s 

ability to detect threats. Consequently, data pre-processing is an integral component of the proposed framework. All collected 

data must undergo normalization, handling of missing values, removal of duplicates, categorical encoding, and proper labeling 

prior to being fed into the IDS’s detection algorithm. Feature selection can also decrease computational overhead by selecting the 

most important attributes contributing to classifying intrusions.  

Potential features include packet duration, connection frequency, source/destination information, authentication failures, 

traffic volume, protocol characteristics, and unusual access patterns. Selecting only relevant features can minimize unnecessary 

calculation time and maximize inference speed without significantly compromising classification performance. The framework 

can use different types of feature selection techniques such as statistical feature ranking, mutual information, tree-based feature 
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importance, etc., to find a minimal set of features that represent cloud security events. To prevent information leakage, the 

selection criteria for the features and the pre-processing parameters used during feature selection must be developed strictly 

from training data and subsequently applied to validation and testing data. Additionally, data collection practices must conform 

to privacy regulations and cloud access policies. Through a combination of organized pre-processing and effective feature 

selection, the proposed framework provides a solid basis for developing highly accurate, computationally efficient, and 

understandable intrusion detection systems. Performance evaluations can be performed by comparing detection performance 

and processing latencies before and after feature selection. 

B. Machine Learning-Based Detection and Adaptive Response Management 

The next part of our proposed framework combines machine learning-based intrusion detection with an adaptive response 

management system. After processing and selecting relevant features from the collected security data, the selected security 

features will be fed into a classification model that identifies if the observed event is either "normal" or "anomalous". Examples 

of candidate classification models include Random Forests, Gradient Boosted Decision Trees, Support Vector Machines, and 

Neural Networks. Each of these models has different performance metrics, training resource demands, inference speeds, and 

interpretability. Therefore, selecting the best model to deploy within a specific cloud environment should depend upon the 

characteristics of the environment itself, and not solely on how accurately the model performs. In addition to being able to 

classify events as being either "normal" or "anomalous," the framework will allow users to set confidence levels for classified 

events, along with risk ratings, which will assist in prioritizing events based on their potential to cause harm. For example, 

events rated as high-risk will generate an automatic notification or initiate an automated containment action, whereas events 

rated as medium-risk will be sent for further analysis or review by a person. User response policies should incorporate security 

controls such as restricting access to systems, allowing for rolling back changes made to systems, and requiring approvals prior 

to taking actions that could disrupt operations. Additionally, adaptive processing capabilities will allow users to dynamically 

assign computational resources to handle increased network traffic or threat activity. 

 To improve the latency associated with classification, the classification model can be configured to use optimized inference 

techniques, batch process events when feasible, and use efficient representations for features. It is important to note that while 

batch processing can increase the overall throughput of a classification system, excessive batching can slow down the delivery of 

notifications for individual events; thus, the configuration must account for the user's desired response time. Finally, the 

framework must track timestamps related to event arrivals, classification completions, notification generation, and mitigation 

initiation in order to assess the amount of time elapsed during each step of the process. Evaluations will assess the proposed 

framework relative to existing baseline models using several performance metrics including accuracy, precision, recall, F1-score, 

false-positive rate, throughput, and latency percentiles. This portion of the proposed framework provides users with a workable 

balance between accurately identifying threats and providing timely responses to threats across varying cloud workload 

scenarios. 

C. Explainability Integration and Performance Optimization 

Explainability is a core element of the proposed framework, as security professionals must understand why the AI system 

identifies a specific cloud event as being harmful. If security analysts do not have access to explanation-based evidence, they will 

struggle to differentiate real threats from normal operations, investigate security incidents, or justify their security decisions. The 

framework allows for the integration of SHapley Additive exPlanations (SHAP), Local Interpretable Model-Agnostic Explanations 

(LIME), or other model-specific feature importance techniques that can provide insight into which features were instrumental in 

making an individual prediction. For example, if an alert is generated due to an unusually large number of authentication 

attempts that fail, unusual patterns of communication, a higher-than-average amount of data transmitted, or unauthorized 

access to restricted areas of the network; then explanations regarding each of those factors can assist security professionals in 

prioritizing their investigations and identifying potential weaknesses in their existing detection rules. While creating 

explanations for each event can potentially cause additional processing overhead and decrease the response time of the system; 

there is a way to manage both issues simultaneously.  

The proposed design splits the identification of immediate threats from the creation of explanations when a fast response is 

needed. When an event is considered a high-risk event (such as a zero-day exploit), then the system can take action based on 

pre-defined policies, while the creation of explanations takes place after-the-fact, as long as it supports the investigation of that 

event. If an event is deemed a low-risk event, or if there is uncertainty about whether the event poses a risk; then more extensive 

analysis can occur prior to initiating an escalation process. Therefore, the system must separate the time it takes to create 
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explanations from the time it takes to perform model inference and from the total time it takes to create an alert. Additionally, 

the quality of explanations should be evaluated based on factors such as stability, consistency, utility to analysts, and fidelity to 

the model itself instead of solely based on speed. Furthermore, explanations should serve as supplemental evidence instead of 

definitive proof that an attack has taken place. Finally, the framework can be optimized by caching explanations that can be used 

repeatedly, reducing the complexity of the feature set, and selecting explanation methods depending upon how severe the event 

is. Overall, this aspect of the framework aims to maintain transparency while maintaining efficiency in conducting security 

operations. Ultimately, its practical value will need to be proven through controlled testing environments that contain different 

levels of traffic, types of threats, types of explanation methods, and types of response actions. 

III. PERFORMANCE EVALUATION AND OPTIMIZATION OF THE PROPOSED FRAMEWORK 

The performance assessment of the proposed explainable AI-based cloud intrusion detection architecture is vital to determine 

how well it addresses the trade-off among detection rate, reaction time and explainability. This assessment needs to test the 

system in various cloud workload types, attack scenarios and computational environments in order to define the advantages and 

disadvantages of the proposed solution. An appropriate experimental setup could consist of VM's (Virtual Machines), 

containerized apps (Applications), simulated cloud networks or a controlled cloud testbed. Publicly accessible intrusion detection 

datasets such as CIC-IDS2017, CSE-CIC-IDS2018, and UNSW-NB15 can serve as labeled network traffic for model training and 

testing. These datasets have differing collection environments, attack types, and feature distributions; therefore, their relevance 

to a specific cloud deployment must be evaluated prior to utilization. Cloud specific logs and workloads may also be required to 

assess performance in real-world scenarios. 

The assessment of detection accuracy requires evaluating several classification metrics instead of a single metric. Accuracy is 

defined as the number of instances correctly identified; however, it does not provide any information regarding the type of errors 

made. Precision is defined as the number of instances correctly identified as true intrusion events divided by the total number of 

instances classified as intrusive. Precision provides an indication of whether the system generates many false positives (false 

alarms) or not. Recall is defined as the number of instances correctly identified as true intrusion events divided by the total 

number of actual intrusion events. Recall provides an indication of whether the system is able to identify all intrusions. The F1-

score is a combination of precision and recall. It is used to evaluate the overall performance of the detection system. False 

Positive Rate (FPR) is another critical metric. High levels of false positive alerts will cause security personnel to spend significant 

amounts of time investigating false positive alerts. This can lead to a decrease in efficiency and effectiveness of the security 

program. Detection latency refers to the length of time that passes from when an event becomes available for analysis until the 

detection system produces a report about that event. Response time refers to the length of time that passes from when the 

detection system produces a report about an event until the appropriate action has been taken to mitigate the effects of that  

event. Explanation overhead refers to the amount of additional time that is needed to produce sufficient evidence to support the 

detection system's report about an event. Median and 95th percentile latencies, as well as throughput and resource usage, should 

be reported to help identify potential issues that would be hidden by reporting only average values. 

Experiments conducted as part of optimization will be used to compare the proposed framework to existing intrusion 

detection systems (IDS) as the baseline. These models must use the exact same data partitions and evaluation conditions. 

Depending upon what the goals of the study are, candidate baselines may include Random Forest, Support Vector Machine 

(SVM), and/or Neural Network Classifier. The evaluations will examine the models' performance both with and without 

explanations being provided for each event. Additionally, there will be evaluations of models that provide explanations for all 

events and models that employ a risk-based explanation approach. This will allow researchers to assess if providing explanations 

selectively allows for reduced processing overhead while still providing useful transparency. In addition to assessing the effects of 

selective explanation provision, each of the following techniques can also be individually evaluated to determine how much they 

contribute: Feature Selection; Model Compression; Inference Optimization; Asynchronous Explanation Generation. All 

experiments will control for hardware configurations; data pre-processing; model parameters; workload intensities to ensure 

repeatability. Training and test data must be appropriately separated. Feature selection and pre-processing must only apply to 

the training partition. If traffic is time-sensitive, chronological separation will assist in reducing information leakage. 

The framework must be tested against varying levels of traffic volume and differing ratios of malicious activity. As an 

illustration of how changing traffic patterns can impact performance; if the number of simultaneous connection attempts 

increases, then the inference time will likely increase as well. Conversely, if there are many false positives generated by the 

system, then the number of alerts needing to be reviewed will increase. Therefore, testing under varying conditions can provide 



Kavin et al. / IJCCCS 1(2), 18-30, 2026 

22 

insight into the ability of the system to maintain its acceptable performance during peak load times. It is critical to assess the 

potential impact of security response policies as automated blocks of traffic or isolated cloud resource use could negatively affect 

normal service delivery. Thus, before any action with large potential consequences is taken, it must adhere to authorized 

authorization rules, confidence levels, and recovery processes. Lastly, the results of the experiments must be reported using 

metric tables, comparative graphs, and statistical analyses with additional trials if necessary. Claims regarding improved 

performance must be based upon empirical data. Through the combination of predictive, temporal, computational, and 

explainable measurement techniques, this evaluation method provides a comprehensive approach to assess if the proposed 

framework provides a reasonable compromise between accurate intrusion detection, rapid response, and understandable 

security decisions within cloud environments. 

IV. SYSTEM ARCHITECTURE AND IMPLEMENTATION CONSIDERATIONS 

The system architecture of the suggested explainable artificial intelligence (XAI) based cloud intrusion detection framework 

has been developed so that it may provide timely identification of threats, quick response, and transparent decision-making in 

relation to security. There are five different levels within this architecture which include: data collection, preprocessing, intrusion 

detection, explanation, response management, and performance optimization. Data collection is done through gathering of 

network traffic, system logs, authentication records, and application events from the cloud. Preprocessing is completed through 

removal of duplicate records, handling of missing values, normalization of data, and selection of relevant features to lower 

computational costs. 

The first layer is a detection layer that utilizes machine learning models to classify events as normal or possibly malicious and 

provides an associated confidence score for each identified suspicious event. The second layer is an explainability layer that 

utilizes methods like SHAP, LIME, and feature importance analyses to determine what caused a particular prediction to occur. 

The third layer is a response management layer that will generate alerts and support policy-driven responses (e.g., block 

suspicious connections, isolate affected resources) if needed. In order to reduce delays associated with generating detailed 

explanations, high-priority threats may result in a direct action being taken (e.g., blocking) prior to the completion of an 

asynchronous generation of detailed explanations. A fourth layer is a monitoring layer that measures the effectiveness of the 

system in terms of detection accuracy, inference latency, response times, false positive rates, explanation overhead, and resource 

utilization. These metrics can assist in optimizing models and allocating resources based upon changing workload conditions. In 

addition to these four layers, the architecture also supports ongoing evaluation via the use of representative intrusion datasets 

and controlled cloud experimentation. Ultimately, security policies, access controls and human oversight should determine 

whether to proceed with high impact actions in order to avoid disruptions to services. Separating the computationally intensive 

task of providing explanations from the time-sensitive task of detecting anomalies, the proposed architecture seeks to strike a 

balance between predictive accuracy, operational speed, and interpretability. 

 
Figure 1: Conceptual Workflow of the Proposed Explainable AI Framework for Cloud Incident Response and Expert 

Analysis 

V. PERFORMANCE METRICS AND COMPARATIVE EVALUATION 

The evaluation of the proposed explainable artificial intelligence (XAI) based cloud intrusion detection system will require a 

combination of three types of evaluations: classification metrics, response times, and computational performance. Classification 

accuracy is not sufficient to evaluate if a system is appropriate for real-time cloud security as a model can accurately identify 

threats but provide slow responses or generate high numbers of false alarms. Therefore, the proposed system should be 

evaluated on precision, recall, F1 score, false positive rate, detection latency, explanation overhead, and resource usage. These 

evaluations will assess how reliable, responsive, and efficient the detection process is. Evaluations can be performed on publically 
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available datasets, such as CIC-IDS2017 and CSE-CIC-IDS2018, that have clearly defined training, validation, and testing sets. 

Comparisons should be made between basic machine learning models trained under similar experimental conditions to show 

what effect feature selection, improved inference capabilities, and the addition of explainability have on improving performance 

Evaluation metric Measurement purpose Expected objective 

Accuracy Measures overall correct classifications Maintain reliable detection 

Precision Measures correctness of intrusion alerts Reduce false alarms 

Recall Measures detected attacks among actual attacks Identify more threats 

F1-score Balances precision and recall Maintain balanced classification 

False-positive rate Measures normal events incorrectly flagged Minimize unnecessary alerts 

Detection latency Measures time required to identify an event Enable rapid detection 

Response time Measures time required to initiate or complete a 

response 

Support timely mitigation 

Explanation 

overhead 

Measures additional time for generating explanations Limit interpretability delays 

Resource utilization Measures CPU, memory, and processing demands Improve computational 

efficiency 

Comparative evaluation will compare traditional machine learning approaches, explainable detection approaches, and the 

proposed approach in terms of the same data partition and hardware configuration. In addition to these evaluations, we will 

perform additional experiments that vary the amount of network traffic, type of attack, and explanation strategy used. We will 

report both median and 95th-percentile latency along with other classification metrics so that we can identify potential latency 

issues caused by high volumes of network traffic. Repeated experiments and statistical analysis of the results will allow us to 

establish confidence levels for our conclusions. Most importantly, any improvements in accuracy, response times, or explanation 

efficiency must be documented through empirical testing rather than simply assumed. This evaluation method will provide a 

systematic means of evaluating if the proposed approach strikes an appropriate balance between detection reliability, operational 

responsiveness, and interpretable security decisions in cloud environments. 

VI. DISCUSSION AND FUTURE RESEARCH DIRECTIONS 

A. Analysis of Accuracy, Response Time, and Explainability Trade-Offs 

In addition to managing the trade-off among detection accuracy, response time, and explainability, building a robust cloud 

intrusion detection system presents several other challenges. While complex machine learning models allow for the identification 

of advanced attack strategies, they often have higher computational needs than simpler models; therefore, they can lead to 

increased inference latencies and resource usage. Additionally, explaining why a decision was made using tools like SHAP 

(SHapley Additive exPlanations) or LIME (Local Interpretable Model-Agnostic Explanations) adds to the processing required to 

generate those explanations. This research proposes an alternative architecture for a cloud intrusion detection system that treats 

detection, explanation generation, and response management as distinct but interconnected tasks. Rather than generating a full 

explanation prior to taking each security action, the proposed architecture allows the system to prioritize responding 

immediately to high-risk events based upon predetermined levels of confidence and authorizations. After responding to such 

events, the system can asynchronously generate detailed explanations for audit purposes. If an event is deemed uncertain or low-

priority, the system can perform additional analysis prior to escalating the event. 

 This strategy provides a mechanism to minimize delays associated with analyzing events without sacrificing the ability to 

understand why specific security decisions were taken. By selecting features effectively and optimizing the performance of the 

inference engine, the volume of data processed by the detection model can be reduced, thereby reducing processing costs. It 

should be noted that if too many features are eliminated, indicators of sophisticated attacks may be lost, which could negatively 

impact recall. Therefore, optimizations should be based on empirical evidence rather than assumptions regarding computational 

efficiency. To assess the effectiveness of different configurations, the evaluation should consider metrics including accuracy, 

precision, recall, F1-score, false positive rate, median detection latency, 95th-percentile response time, overhead caused by 

generating explanations, and resource usage. These metrics provide insight into whether a configuration meets both the security 

and performance needs of a target cloud environment. The optimal balance will vary depending on workload intensity, threat 

severity, available infrastructure resources, and acceptable operational risk. Overall, this research demonstrates that developing a 
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reliable cloud intrusion detection system requires a multi-objective design approach in which predictive quality, timely 

mitigation, and decision-making clarity are considered simultaneously rather than independently. 

B. Future Research Directions and Practical Deployment Challenges 

Future studies will apply the proposed architecture to evaluate how to use adaptive learning; how to develop distributed 

intrusion detection systems; how to perform privacy-preserving analysis on data generated in dynamic cloud environments; and 

how to manage resources dynamically. One possible approach is to create a dynamic detection system that adapts over time to 

changes in legitimate workload characteristics and new forms of attack behaviors. This type of dynamic model would help 

alleviate problems associated with concept drift due to changes in application usage, user behavior, and network conditions. 

When developing dynamic models, researchers need to carefully validate each update to ensure that attackers cannot manipulate 

training data or exploit vulnerabilities in the process of continuous learning. Additionally, researchers should explore the 

possibility of using federated learning to allow different organizations to collaboratively detect threats without having to share all 

of their raw security logs. 

Such approaches create new problems related to overheads in communication, model consistency, privacy protection and 

resisting malevolent participants. Another avenue of research is the creation of adaptive explanation methods which can vary the 

amount of interpretability based on how severe the threats are, how confident the model is and what kind of computing 

resources are available. In addition, future systems may utilize uncertainty calibration as a way to differentiate between highly 

confident predictions and predictions that require human review. Deployment of such a framework would necessitate its 

integration with cloud monitoring services, Security Information and Event Management (SIEM) platforms, Incident Response 

Tools and current Access Control Mechanism (ACM). Evaluations of the proposed framework must be conducted using real-

world traffic patterns, different levels of frequency for attacks, multiple concurrent workloads, and resource limitations. 

The ability to test your models on other data sets (cross-dataset testing) and to validate them independently will determine if 

the performance of your models translates to environments outside where you trained them. You should also evaluate how 

explainable your models are by performing usability studies with analysts, assessing how well the explanations produced are 

consistent with what is happening in the model (fidelity), determining if the explanations remain stable over time, and 

evaluating if the evidence generated by the models is useful when investigating incidents. Additionally, security testing should be 

done to identify possible vulnerabilities in the model such as the potential use of adversarial inputs, data poisoning attacks, 

evasion techniques, and the risks associated with automated containment errors. Future experiments should include detailed 

descriptions of reproducible experimental setups, comparisons to baseline methods, estimates of statistical uncertainty, and 

evaluations of operational costs. Such experiments would allow us to assess whether our proposed framework is capable of 

providing reliable security while producing acceptable response times and allowing for transparency in making security 

decisions. By pursuing each of these research areas, we believe future studies will be able to take our proposed framework from 

being a conceptual design to a validated, scalable, and operational solution for explainable AI-based cloud intrusion detection. 

VII. SECURITY, RELIABILITY, AND PRACTICAL DEPLOYMENT OF EXPLAINABLE AI-BASED CLOUD INTRUSION 

DETECTION 

The practical implementation of explainable artificial intelligence (XAI) based cloud intrusion detection systems requires 

careful thought regarding safety, reliability, scalability, and operational effectiveness. Because cloud-based environments produce 

a continuous stream of network traffic, user authentication events, application logging activity, and system events that need to be 

processed to detect possible threats, the proposed framework combines data processing, feature selection, machine learning 

based threat detection, explanation generation, and incident response management to provide reliable security monitoring. The 

success of this approach is heavily dependent upon the quality of the collected data as well as the ability of the detection model to 

distinguish between normal/legitimate activities and malicious/unauthorized behaviors. Unrecorded/incomplete data, noisy 

network traffic, evolving network patterns, and novel/unseen attacks may impact the overall accuracy of the threat detection 

models. To address these issues, both the data preprocessing steps and the model evaluation processes must be developed in 

such a manner so as to reduce data inconsistency and avoid leakage of sensitive information. Furthermore, the proposed 

framework must accommodate various types of cloud deployment architectures, including public, private, and hybrid. The 

utilization of a modular architecture allows each component within the framework to be individually modified/optimized 

without having to re-design the entire framework. This modularity will allow for easier maintenance of the framework and will 

facilitate the integration of the framework into existing cloud security solutions.  
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Reliability is another important aspect when evaluating an intrusion detection system (IDS) as false predictions (intrusion) 

could lead to irrelevant investigations or interruptions to valid cloud service use. False negative predictions would enable 

intruders to remain active in the environment without being detected; whereas false positive predictions would result in 

unnecessary alerts being issued or the implementation of overly restrictive security controls. The proposed framework can 

minimize both of these risk types through its use of classification confidence, threat severity levels and predefined response rules. 

Events with high classification confidence and high severity levels can cause authorized protection actions to be implemented; 

however, events that are undetermined can be referred for further investigation or human review. Explainability tools such as 

SHAP, LIME and feature importance can assist security personnel in understanding why a particular prediction was made based 

on the characteristics of the event. Explainability tools can also provide security analysts with insight into whether the model is 

making logical decisions. It is important to remember that explainability tools should not be seen as proof that someone is 

intentionally attempting to harm your organization since explainability tools depend upon several factors including the model 

used, the data used as input and the method used to explain the model. In addition to testing, calibrating, auditing logs and 

reviewing security policies on a regular basis to ensure that your system remains reliable, automated response actions should 

include safeguards, recovery mechanisms and appropriate authorization protocols so that the impact of incorrect predictions can 

be minimized. 

The need for scalability and response time is especially critical when cloud workloads fluctuate or there are many security 

events being received at the same time. The ability to function well with average traffic levels does not mean that a detection 

system will maintain that level of performance during high-volume periods. Therefore, to overcome this issue, the framework 

can implement effective feature selection, optimal model execution (inference), resource-conscious event processing, and event 

prioritization. In addition, if an urgent event occurs, the explanation process can occur in parallel to provide for rapid authorized 

response actions; however, if the risk associated with an event is lower, further analysis can be conducted prior to escalating the 

event. While implementing these strategies can help minimize unnecessary processing delays, experimental evidence is required 

to confirm their effectiveness. Evaluation of performance should assess accuracy, precision, recall, F1-score, false-positive rate, 

throughput, median latency, 95th-percentile latency, explanation overhead, and resource utilization. Additionally, testing under 

various traffic conditions and attack types can illustrate potential performance issues and identify ideal configuration settings. 

Furthermore, comparison of the framework to traditional detection models should be carried out using similar experimental 

protocols. Reporting of results should clearly document the use of datasets, hardware used, model parameters selected, and test 

methodology. Documentation of the above elements supports reproducibility of results and facilitates better comparison of 

alternative system designs. 

Continuous evaluation, responsible automation, and adaptation to new cybersecurity threats are three areas that need to be 

focused on in order to develop an effective long-term strategy for developing explainable cloud intrusion detection. As attackers 

create new methods of attack, as cloud applications continue to grow, as legitimate users' behavior patterns evolve over time, 

existing models that have been developed may lose their effectiveness. To address this issue, there are several approaches that 

can be taken such as periodically retraining the model, monitoring for drift (changes) in data, testing against adversarial attacks, 

and having the model independently validated. In addition to these approaches, future implementations may include federated 

learning, privacy-preserving analysis, adaptive explanation strategies, and collaborative detection across multiple distributed 

cloud environments. Each of these approaches has its own set of challenges, including communication overhead, privacy issues, 

potential for manipulating models, and increased computational requirements, which must be thoroughly examined. Integration 

with security information and event management (SIEM) systems can provide additional support for centralized monitoring and 

incident investigation. Human oversight continues to be essential for making high-impact decisions such as blocking connections 

or isolating resources, which can impact business operations.  

VIII. COMPARATIVE ANALYSIS OF CLOUD INTRUSION DETECTION APPROACHES 

The proposed explainable AI based cloud intrusion detection framework will be evaluated through comparison against 

traditional security mechanisms, machine learning models, deep learning models, and explainable AI models. Each model offers 

various benefits and drawbacks related to how quickly they can detect an attack, how fast they can respond to an attack, how 

understandable their output is to a human, the amount of computer resource needed to run the model, and how easily the model 

can adapt to new attacks. Signature based detection is good at finding existing types of attacks, however it is not as effective at 

detecting attacks that have never occurred before. Machine learning models are capable of recognizing patterns from past 

activity that indicate there could be an attack occurring, however the success of a machine learning model is directly tied to the 

quality of the training set used to develop the model and which features were chosen as inputs for the model. Deep learning 
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models can capture complex relationships within network traffic, however they often require greater amounts of computing 

power than other forms of models. Explainable AI models allow humans to better understand why a machine learning or deep 

learning model made a certain prediction, however generating an explanation can slow down the overall process. The proposed 

framework addresses the above limitations of previous approaches to cloud intrusion detection using efficient pre-processing, 

machine learning based classification, risk based response management, and adaptive explanation generation. Table 1 provides a 

qualitative comparison of the different types of approaches. The descriptions provided represent general attributes rather than 

empirical measurements of performance; actual performance will vary depending upon the selection of algorithms, datasets, 

hardware, and deployment environments. 

Detection 

approach 

Accuracy Response time Explainability Computational 

cost 

Unknown attack 

detection 

Cloud suitability 

Signature-

based detection 

High for recognized 

patterns 

Generally fast High for rule 

matches 

Low to moderate Limited Suitable for known 

threats 

Anomaly-based 

detection 

Depends on 

baseline quality 

Fast to moderate Moderate Moderate Potentially 

effective 

Suitable with 

tuning 

Traditional 

machine 

learning 

Depends on data 

and model 

Generally fast Varies by model Low to moderate Potentially 

effective 

Suitable with 

optimization 

Deep learning Depends on 

architecture and 

training 

Moderate to high 

latency 

Often limited 

without XAI 

High Potentially 

effective 

Requires resource 

planning 

Explainable AI-

based detection 

Depends on 

underlying model 

May increase with 

explanations 

High when 

explanations are 

faithful 

Moderate to high Depends on 

detection model 

Suitable with 

optimization 

Hybrid 

detection 

systems 

Depends on 

component 

integration 

Varies by 

architecture 

Varies by design Moderate to high Potentially 

effective 

Suitable for 

complex workloads 

Proposed 

framework 

To be 

experimentally 

evaluated 

To be 

experimentally 

evaluated 

Designed for 

interpretable 

predictions 

To be 

experimentally 

evaluated 

To be 

experimentally 

evaluated 

Designed for 

dynamic cloud 

environments 

The comparison illustrates the need to evaluate intrusion detection systems on more than one dimension of performance 

(accuracy) alone. Response latency and explanation overhead are examples of two dimensions that should be evaluated 

independently to assess the impact of interpretability on time-critical security functions. To provide a basis for comparison, 

experimental evaluations must utilize consistent datasets, test conditions, and hardware configurations. Evaluation of the 

proposed framework must include assessment against suitable baseline models with respect to accuracy, precision, recall, F1-

score, false positive rate, throughput, latency percentiles, and resource usage. Such an assessment will demonstrate whether the 

combination of detection, explanation, and response management provided by the framework provides practical benefits for 

cloud security. 

IV. INTEGRATED WORKFLOW AND OPERATIONAL IMPLEMENTATION 

The explaining ability of the proposed artificial intelligence (AI) based cloud intrusion detection framework works with a 

workflow which is capable of identifying suspicious activities; however, this detection must balance detection accuracy, response 

times, and transparency. In the first phase, the proposed framework collects network traffic, authentication data, and cloud 

applications logs. In the second phase, preprocessing and feature selection takes place in order to eliminate unnecessary data and 

to lower the computational demands. In the third phase, a machine learning model is used to classify incoming events and 

estimate the degree of danger associated with them. Alerts generated from the machine learning model can lead to authorized 

security actions being taken. Explanation techniques like SHAP or LIME can determine what features influenced the machine 

learning models decision-making process. This separation enables timely responses to be taken in response to urgent events 

prior to receiving a complete explanation for why the machine learning model made its decision. 

In an actual setting, this framework would assist cloud-service providers, companies, banks/financial institutions, and 

government agencies which need reliable security monitoring. Additionally, the overall impact of this framework will include 
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enhanced awareness of threats, elimination of false alerts, and greater insight into the causes behind incidents. Additionally, 

continuous performance monitoring will allow organizations to recognize where there are bottlenecks in processing and then 

make adjustments to how models are configured based upon changing workloads. However, the advantages provided by the 

framework must be confirmed through experimental studies evaluating detection rates, latency times, explanation quality, and 

computational costs. Finally, successful deployment of the framework requires suitable privacy controls, human oversight, and 

protective measures against automated actions taken in error. Thus, with a focus on timely detection coupled with 

understandable security decisions, the proposed framework is intended to enhance cloud protection while providing continued 

service availability and user confidence. 

 

Figure 1: Framework for AI-powered cloud anomaly detection 

X. CHALLENGES AND RECOMMENDATIONS FOR EXPLAINABLE AI-BASED CLOUD INTRUSION DETECTION 

A. Technical Challenges in Accuracy and Real-Time Detection 

The development of a cloud-based intrusion detection system utilizing explainable artificial intelligence (XAI) presents a 

number of technical issues which will affect the dependability of the detection mechanism and its effectiveness in operation. 

Large quantities of various types of security-related data are generated within cloud environments. Therefore, rapid analysis is 

difficult during times of high network traffic. In addition, machine learning models can exhibit diminished performance in the 

presence of new attack vectors, unbalanced data sets, or changes in user behaviors. While complex models may be able to 

identify sophisticated patterns, they typically require more computational power and cause increased latency during inference. 

Additionally, the use of explanation techniques such as SHAP and LIME creates processing overhead which can slow down the 

process of security analysis if explanations are created for each event. High rates of false positive results can create additional 

work for security analysts; on the other hand, high rates of false negative results can enable malicious activity to go unnoticed. 

Therefore, a balance must be maintained between the design of the system's predictive capabilities, its processing speed, and its 

interpretability. The proposed architecture addresses these issues by selecting the most relevant features, optimizing inference 

processes, prioritizing alerts based upon risk, and creating explanations asynchronously for events requiring immediate 

attention. Evaluation of the architecture's performance should be conducted using representative data sets and realistic cloud 

workload scenarios. Metrics should include precision, recall, F1-score, false positive rate, latency percentile, and resource 

utilization. Finally, experimental verification is required to assess whether or not these methods improve security performance 

without degrading other critical security controls. 

B. Recommended Strategies for Reliable Deployment 

Reliability of the proposed framework requires continuous monitoring, systematic optimization and responsibility for 

automated security. Organizations must choose detection models based on the characteristics of their workload; computational 

resources; and the required latency for detection. Feature selection and model optimization will help lower the cost of processing 

and frequent evaluations of the detection performance will allow organizations to detect when there are changes in performance. 

Organizations should also incorporate explainability into the process as determined by the severity and ambiguity of each 

security event. For example, high-priority threats may cause the organization to take immediate action through an authorized 

protective measure, and then provide a detailed explanation of why the action was taken. On the other hand, an ambiguous 
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security event may require more investigation or human review. Organizations should create clearly defined policies for 

responding to events; establish access controls; create audit trails; and develop recovery procedures so that false positive 

detections do not lead to unnecessary service outages. Additionally, organizations should evaluate the quality of the datasets 

being used and how well the models generalize. Both evaluations should use independent test data and multiple attack scenarios. 

Organizations should monitor for concept drift; adversarial manipulation; and abnormal model behavior in order to improve the 

reliability of the system. Evaluations of performance should be conducted against baseline models using the same experimental 

setup. Researchers should publish their findings transparently and not claim improvements that they did not demonstrate. In 

addition to these recommendations, organizations should consider incorporating privacy-preserving learning; adaptive 

explanations; and distributed scalable detection into future versions of the proposed framework. These additional 

recommendations can contribute to developing efficient, transparent, and reliable cloud-based intrusion detection systems while 

balancing security accuracy with response time and transparency. 

XI. CONCLUSION 

The basic infrastructure for contemporary digital services is now based on cloud computing. It allows for scalable 

infrastructure, flexible resource management and efficient application deployment. Although cloud computing offers many 

benefits, its growing complexity can present serious security risks such as un-authorized access, malicious activity on the 

network, compromise of user credentials and new types of intrusion attempts. Most traditional methods of detecting intrusions 

may not be capable of identifying the most sophisticated types of threats; they may also lack the ability to provide fast responses 

or provide security personnel with clear explanations regarding why certain events occurred. This research paper examined a 

theoretical approach that will allow a balance between the accuracy of detection and the speed at which a system responds to a 

threat using explainable AI for cloud intrusion detection. This approach involves collecting data, processing that data, selecting 

features, classifying data using machine learning, generating explanations for why a model made a particular prediction, 

responding to threats detected by the model and continuously evaluating how well the model is functioning. Through the 

integration of all of the above-mentioned elements, this approach is designed to help ensure that threats are identified reliably 

and that security analysts have relevant information about the predictions being generated by the model. 

A primary advantage of this proposed approach is that it treats detection accuracy, response time, and explanation as related 

design criteria. Classification accuracy does not necessarily translate into an effective security solution due to potentially delayed 

alerts, numerous false positives, and limited understanding of why something was classified as malicious. As a result, this model 

includes techniques for selecting features efficiently, optimizing the inference process for models, prioritizing alerts based on 

risk, and providing policy-driven responses. Techniques for explaining how decisions were made by a model include SHapley 

Additive exPlanations (SHAP), Local Interpretable Model-Agnostic Explanations (LIME), and feature importance analyses which 

allow security professionals to determine the characteristics used to classify an event as suspicious. When time-critical events 

occur, authorized defense actions can be taken prior to obtaining complete explanations so that the system can focus on 

immediate risk reduction while maintaining transparency. Additionally, for uncertain events, further analysis and human review 

can provide information to support more accurate decision-making. Overall, these methods create a systematic structure to 

manage the conflicting priorities of speed, prediction quality, and interpretability. 

The authors have defined many performance metrics that will help evaluate the effectiveness of the proposed framework. 

Some examples of these metrics include; classification accuracy, precision, recall, F1 score, false positive rate which are all 

performance metrics used to evaluate how well the system performs in terms of classifying attacks. Other metrics such as; 

detection latency, response time, explanation overhead, throughput and resource utilization provide insights into the systems 

operational efficiencies. Publicly available intrusion detection datasets such as CIC-IDS2017, CSE-CIC-IDS2018 and UNSW-NB15 

could potentially be used to conduct some preliminary testing of the system as long as it is determined that they would be 

suitable for use in the cloud environment where the system is being deployed. To assess the effectiveness of the proposed system 

there should be comparisons made between the performance of the proposed system and other conventional machine learning 

models, deep learning models and explainable detection strategies. Additionally, testing should take place under various 

conditions including differing traffic volumes, attack categories and computational resources to identify both the benefits and 

drawbacks of the system. Since this research was conducted at a conceptual level there are no quantifiable improvements in 

accuracy or response times that can be reported. Therefore, experimental validation of the proposed system is required prior to it 

being deemed superior to existing methods. 
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In spite of its great potential, there are several obstacles facing the framework including data quality issues; as well as new 

forms of attack; computationally intensive processing; protecting privacy; and the possibility of generating false automated 

responses. Further research into adaptive learning methods; privacy-preserving analysis techniques; efficient methods of 

providing explanations; and distributed detection capabilities within cloud-based environments will help overcome some of these 

limitations. In addition to further research into adaptive learning methods, privacy-preserving analysis techniques, efficient 

methods of providing explanations, and distributed detection capabilities within cloud-based environments, additional studies 

should also focus on verifying explanation accuracy; usability by analysts; model stability; and how models perform when 

subjected to real-world workloads. Deploying the framework will require implementing access control mechanisms; audit logs; 

recovery procedures; and human review of high impact security decisions. These protections are necessary to ensure that 

incorrect classification results do not disrupt valid service delivery or impair organizational continuity. 

In summary, there is a need to establish a balance between detection accuracy and response time within explainable AI-based 

cloud intrusion detection. To achieve such a balance, it is necessary to integrate efficient machine learning, explainability and 

response management. The proposed framework provides a basis for evaluating how such a balance can be achieved using 

measurable performance objectives and systematic evaluation. It is expected that the practical relevance of the framework will be 

determined by reproducibility of experimental results, comparisons with suitable baseline models, and validation across 

representative cloud environments. As long as future research addresses these challenges, then we may develop cloud intrusion 

detection systems which are more transparent, responsive, scalable, reliable and ultimately provide more security for cloud 

based applications and systems. 
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