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Abstract. The rapid development of intelligent technologies, 10T infrastructures, and cloud
services has led to an increasingly complex cybersecurity landscape. Because intelligent systems
generate massive volumes of heterogeneous streaming data in real time, the challenges of accurately
detecting threats in the cyber environment have increased significantly. Traditional intrusion detection
systems used to identify cyber threats typically rely on static attack signatures and, therefore, have
limited ability to detect new forms of cyber threats. This study presents an interpretable artificial
intelligence framework for real-time cyber threat detection in streaming intelligent systems using
machine learning models, combined with explainable Al methods such as SHAP and LIME to
enhance detection capabilities. Security-related data streams and other sources were analyzed to
identify potential anomalies and cyberattacks. Based on experimental evaluation, the proposed model,
based on combined methodologies, such as hybrid explainable AI model, demonstrated superior
performance compared to each of the individual machine learning models across several evaluation
metrics, including accuracy, precision, recall, and F1 score. Overall, this work demonstrates how
to leverage machine learning and explainable Al methods to improve trust, transparency, and the
practical applicability of cybersecurity monitoring solutions in dynamic, intelligent environments.
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Angarna. AKpULABl TexHoJorusiapAbiH, loT WHOPaKyphUIBIMIAPBIHBIH KOHE OYJITTHI
KBI3METTEPAIH KapKBIHIBI JaMybl KHOEpKayirci3mik JIaHamadThIHBIH KypleaeHe TYCYiHe OKeJi.
AKBUIABI JKyHenep HaKThl yakbIT PeXHMMIHAE YJIKEH KeJIeMJEri reTeporeHl arblHIbl JAepeKTepii
KacaWThIHABIKTaH, KUOepopTaja KayinTepil A7 aHBIKTAy KHUBIHIBIKTApbl aWTapJIbIKTail apTThI.
KubepkayinTepi aHbIKTay YIIiH KOJJAHBLIATHIH JOCTYPIIi OAChIN Kipyai aHBIKTAy KyHenepi aeTTe
CTaTUKAJIBIK MIa0yBLT KOJATaHOAIApbIHA CYHEeHEe 1 )KoHE COHIBIKTAaH KHOepKayinTep/IiH ’KaHa TYpJIepiH
aHBIKTAy MYMKIHIITT ImekTeynai. Bbynm 3eprreyne MallMHAJIBIK OKBITY MOJENbICpiH Maiinanana
OTBIPBIN, aFbIHABl HMHTEJUIEKTyaJlbl JKYWHeJepAe HaKThl YakKbIT pEeXHUMIHIE KuOepKayinrepil
aHBIKTayFa apHaJFaH TYCIHAIPUIETIH KacaHIbl MHTEJUJIEKT KYPbUIBIMBI, aHBIKTAy MYMKIHAIKTEpPiH
xkakcapty yumrH SHAP >xone LIME CuSKTBI TYCIHIIPUIETIH >XacaHIbl WHTEJUICKT OIICTEpIMEH
OipikTipinren. Kayinci3gaikke KaThICThI JEpEKTep arbIHIAPhI KOHE 0acka /1a BIKTUMaJl aybITKYyJap
MEH KHOepmadybuIIapIbl aHBIKTAY YIIH TalAaHabl. DKCIIEPUMEHTTIK OaFaiay HET131H/Ie YChIHBIIFaH
MoJienb OIpiKTipiIreH oaicHaManapra (THOPUATI TYCIHIIPINETIH »KacaHAbl WHTEIJICKT MOJENI)
HETI3JeNITeH, AQMIK, NONIIK, ecke Tycipy skoHe F1 ymaiibin koca anranna, OipHerne Oaranay
KepceTKimTepi O6oiibiHIIa apOip jkeKke MAIIMHAIIBIK OKBITY MOJIENIBJCPIMEH CAJIBICTBIPFAH/IA JKOFaphl
eHIMIITIKTI KepcerTi. JKanmbel anmranma, Oyl KYMBIC AMHAMHUKAIBIK, WHTEIUICKTYalJIbl OpTana
KuOepKayinci3fAikTi Oaxpliay IICMIIMAEPIHIH CEHIMIUIIH, AaIIbIKTBIFBIH JKOHE IPaKTHUKAJIbIK
KOJITAHBUTYBIH KaKCcapTy YIIiH MAaIIMHAIBIK OKBITYAbl OHE TYCIHIIpyre OOJaThIH >KacaHIIbI
WHTEJUICKT JJIICTEPIiH Kajai nmaigaiany KepeKTIriH KopceTe/I.

Kint ce3aep: xmbGepkayirnci3aik, MalIMHANBIK OKBITY, TYCIHIIPUIETIH >KacaHIbl MHTEIUIEKT, Oy3yIIBUIBIKTAPAbl AHBIKTAY,

JepeKTep aFbIHbI, HHTEIICKTYal b XKYiienep, aybITKymap.
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AHHOTauMs. bBBICTpOE pa3BUTHE WHTEIUICKTYaJbHBIX TEXHOJOTUH, HHPPACTPYKTYP
HNHTepHeTa Bemiei W OOJAUHBIX CEPBUCOB IMPHUBEIO K YCIOKHEHHIO Cpeabl KHOepOe30MacHOCTH.
[TockoIbKY MHTEIIEKTYa IbHbIE CUCTEMBI T€HEPUPYIOT OTPOMHBIE 00BEMBI PA3HOPOAHBIX MOTOKOBBIX
JaHHBIX B PEKMME peaJbHOr0 BPEMEHH, 3aJa4l TOYHOTO OOHAapy>KEHHs yrpo3 B Kubepcpeze
3HAYUTENBHO BO3POCTU. TpajHIIMIOHHBIE CUCTEMBI OOHAPYKEHHUS BTOPKEHHM, HCIOIb3yeMbIe IS
BBISIBJIICHUSI KUOEPYTpo3, OOBIYHO HCIIONB3YIOT CTAaTUYECKUE CUTHATYPBI aTak W, CIEIOBATEIbHO,
MMEIOT OrpPaHUYEHHbIE BO3MOXXHOCTH [JIsi BBIABICHHUS HOBBIX ¢GopM Kubepyrpo3s. B stom
HCCTIEI0BAaHUU OYIET MPEACTABICHA HHTEPIIPETUPYEMast CTPYKTypa UCKYCCTBEHHOTO MHTEJUICKTA IS
oOHapyKeHUsI KHOEPYTPo3 B PEKUME PEATHHOTO BPEMEHH B IOTOKOBBIX HHTEIUIEKTYJIBHBIX CUCTEMAX
C HCIIONBH30BAaHUEM MOJCIICH MAIIMHHOTO OOY4YeHUs, B COYETAaHWU C OOBSCHUMBIMH METOIAMH
HMCKYCCTBEHHOTO HHTeIeKTa, TakuMu Kak SHAP u LIME, s nNOBBIIEHUS BO3MOXHOCTEH
oOHapykeHHUs. BbIIo aHAIM3MPOBAaHO MOTOKHM JAHHBIX, CBSI3aHHBIE C OE30MACHOCTHIO, M JpyTHe
VICTOYHHKH JIJIS BBISIBIICHUS TOTEHITUATBHBIX aHOMAaIUH 1 Kubeparak. Ha ocHOBe 3KcTiepiMeHTabHOM
OIICHKH TMPENJIOKECHHAsT MOJIENIb, OCHOBaHHAs Ha KOMOWHUPOBAHHBIX METOMONOTHUSX (THOpHIHAS
MOJIeTIb OOBSICHUMOTO MCKYCCTBEHHOTO MHTEIJIEKTAa), MOoKa3aja JydIlllue pe3ybTaThl, YeM KaKaas
W3 MOJIEJIEW MAIIMHHOTO OOy4Y€HHUS MO OTJAEIHHOCTH, MO0 HECKOJIBKUM METPHUKAM OLIEHKH, BKIIOYAs
TOYHOCTb, TNPEIU3UOHHOCTh, MonHoTy U Fl-mepy. B memom, sta pabora IeMOHCTpUpYET, Kak
WCIIOJIb30BaTh METOJbI MAITMHHOTO OOyYeHHs] U OOBSCHUMOTO HMCKYCCTBEHHOTO WHTEIUICKTA
JUISl TIOBBILICHUS] YPOBHSI JTIOBEpHUS, MPO3PAYHOCTU M MPAKTHUECKOTO MPUMEHEHHUS PELICHUM IO
MOHHUTOPUHTY KHOEepOe30MacHOCTH B IMHAMHYHBIX, HHTEJUICKTYaIbHBIX CpPeIax.

KiwueBble cioBa: xnbep6e30macHOCTh, MAIIMHHOE O0yYCHHE, OOBSCHUMBIA WCKYCCTBEHHBIH HHTEIUICKT, OOHAPYKCHUE

BTOp)KeHHfI, IIOTOKOBBIE NaHHBIC, HHTCIJICKTYaJIbHbIC CUCTEMbI, aHOMAJIUU.

Introduction. The speed at which digital infrastructure, smart technologies, and
interconnected cyber-physical systems are developing has dramatically increased the number
of different kinds of information that exist in today’s modern information environments. Smart
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systems, such as [oT platforms, cloud computing infrastructures, intelligent transportation systems,
and smart city networks produce large amounts of disparate data streams all day, every day, with no
end in sight. While these technologies have great value from a business perspective in automating
operations, increasing productivity, and allowing for instantaneous decision-making; they are also
opening up new opportunities for exploitation and are increasing the threat exposure of businesses to
those who are exploiting new and advanced types of cyber attacks.

Smart environments are now highly susceptible to a multitude of different types and sources
of cyber attacks including: distributed denial-of-service (DDoS) attacks, data injection attacks, botnet
activity, scanning for reconnaissance purposes, and man-in-the-middle intrusions. These attacks can
cause catastrophic service disruptions, threaten sensitive information, and create large-scale system
failures. Traditional cybersecurity protection measures (i.e., signature-based intrusion detection
systems IDS) rely upon detecting attacks that have already been identified, or have already been
documented. While this approach is sufficient for detecting attacks that already exist; it is frequently
not capable of detecting unknown or evolving attack methods that are introduced because of the
dynamic nature of the networks in which they occur.

To mitigate the inability to detect “new” attacks using traditional cybersecurity protection
mechanisms, organizations are beginning to use machine learning ML-based intrusion detection
systems (IDS). These ML-based IDS are able to learn complex behaviors of users and/or machines
through their interactions with the network, and therefore, can identify anomalous behaviors that may
signal a malicious activity. Algorithms for example such as the Random Forest, gradient boosting
models (GBM), and deep neural networks (DNN) have all shown to produce high accuracy levels at
detecting cyber threats within multi-dimensional data sets. Additionally, deep learning models such
as Long Short-Term Memory (LSTM) networks are particularly proficient at analyzing sequential
and temporal patterns within the streams of network traffic data they process. However, despite
the high predictive accuracy of many ML-based detection systems, a critical challenge remains:
the lack of transparency and interpretability of model decisions. Many advanced machine learning
models operate as “black-box” systems, providing predictions without clear explanations of the factors
influencing these decisions. In cybersecurity contexts, this lack of interpretability can limit the trust
of security analysts and complicate incident response processes. As a result, explainable artificial
intelligence (XAI) has emerged as an important research direction aimed at improving transparency
and interpretability of machine learning models.

Using Explainable Al methods (SHAP and LIME) provide analysts with the ability to identify
how much each characteristic impacts a given model's output. Explainable Al allows users to gain
insights into the global behavior of a model, as well as the local behavior of an individual detection
decision. The use of explainable Al in Cybersecurity Monitoring Systems provides users with an
understanding of the sources of the detected anomalies, thereby, increasing the usefulness of Al-based
security solutions.

The second area impacting modern Cybersecurity is the requirement to process massive
streams of data that are generated on an ongoing basis. Real-time Smart Systems generate Security
Events that need to be analysed and reported in as little time as possible. As a result, Cybersecurity
Detection Frameworks must be capable of processing vast amounts of Data Streams at High Prediction
Accuracy and Computational Efficiency.

However, despite significant progress in machine learning-based intrusion detection and
explainable Al techniques, existing studies do not sufficiently address the integration of real-time
streaming data processing with interpretable detection models in smart system environments. Most
approaches either focus on detection accuracy without interpretability or apply explainable methods
without considering dynamic data streams. This gap motivates the development of a unified framework
that ensures both high detection performance and model transparency in real-time conditions.

The purpose of this paper is to develop an Interpretable Artificial Intelligence Framework for
Real-Time Cyber Threat Detection in Streaming Smart Systems. The proposed Framework deploys
Machine Learning Models and Explainable AI Methods to enable Accurate Cyber Threat Detection,
along with providing Transparency and Interpretability of the Model Outputs. The object of this
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study is cybersecurity monitoring in streaming smart systems operating in dynamic and data-intensive
environments.

The subject of the research is the development and application of interpretable machine
learning models for real-time cyber threat detection using streaming security data.

The proposed Framework will integrate the use of Ensemble Learning Algorithms, Deep
Learning Models, and Explainable Al Analysis Methods to detect Cyber Threats based on Streaming
Security Data collected from three sources; Network Traffic, [oT Devices, and System Logs. The main
contributions of this study are:

1. Develop a Conceptual Framework for Interpretable Cyber Threat Detection in Streaming
Smart Systems;

2. Design a System Architecture that Integrates ML Detection Models with Explainable Al
Methodologies;

3. Conduct experiments using several Classifiers, including Random Forest, XGBoost,
LSTM, and a Hybrid Explainable Al Detection Model;

4. Evaluate and Compare each of the Detection Models, with an understanding of the Inputs
and Outputs of each Model, by conducting Feature Importance Analyses and using Explainable Al
Methodology to Show Model Interpretability.

The novelty of this study lies in the development of a unified framework that integrates machine
learning and explainable artificial intelligence for real-time cyber threat detection in streaming smart
systems.

In contrast to other techniques, the proposed model balances prediction accuracy with
interpretability by providing both global and local feature importance metrics through SHAP and
LIME analysis of model predictions.

Authors also use hybrid modeling techniques to help improve the effectiveness of the detection
process across a variety of cyber risk factors.

The results will demonstrate that using both Machine Learning Models and Explainable Al
Mechanisms produces Improved Cyber Security Monitoring System Detection Performance and
Transparency. The Proposed Approach provides the basis for creating Intelligent Interpretable and
Scalable Cyber Threat Detection Systems for next-generation Smart Infrastructure.

Literature review. In today's society, we are living through a technological revolution. Smart
technology is being developed at lightning speed and the cloud is increasing in importance every day
as well. The Internet of Things (IoT) is rampant, and has led to a more complex security landscape than
ever before. Traditional intrusion detection systems (IDS), or systems that detect intrusion attempts on
a network, largely rely on signature or rule-based methods of detecting known attacks (Al Rawajbeh
et al., 2025). While traditional IDS can effectively identify previously known threat types, they are
often unable to effectively identify unknown or new threat types in ever-changing environments.
In response, a growing number of researchers have begun using machine learning techniques to
automatically detect cyber threats according to (Prasad et al., 2025).

In the past decade, supervised learning algorithms have been used most widely for IDS systems
because these algorithms are capable of classifying network traffic and detecting anomalous activity
related to that traffic as well. SVMs, decision trees, and random forest classifiers are some of the
most common machine learning algorithms used in IDS research (Rahmati, 2025). Random Forest
classifiers have received much attention because of their ability to accurately classify data, even
in the presence of noise, and their capability to process high-dimensional network traffic features
(Almbheiri et al., 2025). Additionally, gradient boosting algorithms such as XGBoost and LightGBM
have received considerable interest in the cyber attack detection area due to their ability to model
complex, non-linear relationships that exist within large sets of data according to (Paul, 2025).

In the last few years, researchers have also been focusing on deep learning techniques. A
number of different neural network architectures including DNNs, CNNs, and RNNs have been
applied to detecting complex cyber threats in large networks (Khalaf et al., 2025). LSTM networks,
in particular, have been shown to be effective for temporal analysis and capturing time-based
relationships in the behavior of cyber threats (Thiruvenkatasamy et al., 2025). These models can also
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be used to detect complex behaviors associated with a multi-stage attack, which may be difficult for
traditional machine learning techniques to accomplish (Alshudukhi et al., 2025).

Even though these models perform extremely well when it comes to detecting intrusions,
there is a significant lack of transparency in many of the machine-learning based intrusion detection
systems that are currently available (Jumagaliyeva et al., 2025). Complex systems such as deep neural
networks, ensemble methods and gradient boosting methods work as "black-boxes"; therefore it is
extremely difficult for anyone to understand how the machine-learning based intrusion detection
system made its final decision (Kalutharage et al., 2025). When conducting investigations on incidents
in cybersecurity, a lack of interpretability can reduce the trust of security analysts and make it much
more difficult for them to carry out their duties of investigating, responding to and remediating
incidents (Mohale et al., 2025).

Recent research has increasingly focused on integrating explainable artificial intelligence
(XAI) into the suite of techniques utilized in cybersecurity analytics as a way to address this problem.
The goal of explainable Al methods is to enhance transparency by providing interpretable explanations
of how machine-learning predictions are generated from the input features (Alabdulatif, 2025). SHAP
(Shapley Additive Explanations) and LIME (Local Interpretable Model-Agnostic Explanations) are
two of the most widely used techniques to explain the decision-making process of machine-learning
models. These two techniques are helpful for researchers because they help them understand what
features played important roles in the final decision made by the model, while also allowing for
the generation of global model interpretation as well as local model interpretations for individual
predictions. Thus, they are extremely helpful to researchers involved with the development of
cybersecurity monitoring systems (Lee et al., 2024).

An important issue that has been actively explored by researchers is how to analyze the
streaming security data that is produced from smart systems. For instance, many smart infrastructure
systems continuously produce large amounts of real-time data from various sources such as network
traffic flows, Internet of Things (IoT) sensors, system logs, and cloud telemetry (Moustafa et al., 2023).
As such, there is a need for real-time analytics on these smart infrastructures with high predictive
accuracy and computational efficiency in order to effectively process these streams of security data for
intrusion detection purposes. Researchers have proposed stream-based intrusion detection frameworks
that utilize online learning algorithms to facilitate real-time threat detection in dynamically changing
environments.

Recent studies have shown that using machine learning based detection techniques in
conjunction with explainable artificial intelligence (XAI) technologies can significantly improve
the ability of the cybersecurity systems to detect threats both accurately and explainably (Patel et
al., 2025). By utilizing various combinations of machine learning models such as Random Forest,
XGBoost, LSTM Networks and XAI methodologies like SHAP and LIME to explain the predictions
produced by these models, cybersecurity professionals can not only identify potential threats but also
understand the reasons for the prediction produced by the machine learning models (Akshya et al.,
2025). There is enhanced need for integrated cybersecurity frameworks that contain high-performance
machine learning models, real-time streaming processing systems and XAl techniques to produce a
transparent and trustworthy approach to detecting cyber threats in smart systems 16. (Rystygulova et
al., 2025).

Therefore, in order to address this need, this paper proposes an interpretable Al framework
for detecting cyber threats using real-time data obtained from smart systems. This framework
incorporates the use of Random Forest, XGBoost and LSTM models along with SHAP and LIME
XAI methodologies in order to maintain an accurate method of detecting threats in real-time while
providing a clear explanation of the predictions made by these models.

Materials and methods. The amount of heterogeneous, streaming data generated by today's
smart systems is extremely high, and includes data that is generated by IoT devices, system logs,
network traffic, and data created in the cloud. The environments created by these systems are highly
dynamic and susceptible to a wide range of cyber threats, such as DDoS attacks, data injection, botnet
activity, and man-in-the-middle attacks. To effectively detect and understand any such threats, there
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needs to be an integration of different types of analysis methods or techniques that utilize machine
learning algorithms to detect anything from malware to unauthorized access.

The experimental evaluation utilized two benchmark cybersecurity datasets: CICIDS2017
and UNSW-NB15. The CICIDS2017 dataset contains over 2.8 million network flow records. Each
record contained 78 features, drawn from real-world network traffic, ranging from benign to malicious
activity, such as denial of service (DoS), distributed denial of service (DDoS), botnets, and penetration
attacks.

The UNSW-NBI15 dataset contains approximately 2.5 million records, representing 49 features
reflecting a range of modern attack categories, such as exploits, reconnaissance attacks, backdoor
attacks, and shellcode attacks. Using more than one dataset ensures the robustness and generalizability
of the proposed framework across various cyberthreat scenarios and network conditions.

Before training the models the datasets were first preprocessed by addressing the missing data
points, normalizing the numeric features, and encoding any categorical features prior to feature scaling
for consistency between the input variables. The datasets were then split into training (70%) and test
(30%) datasets. Cross-validation was also used while training the models for additional robustness
and to help avoid overfitting.

Model training was performed using the Random Forest, XGBoost, and LSTM machine
learning models with optimum hyperparameters. The final hybrid XAl model combines multiple
detection methods in one model to produce a higher overall performance. Model evaluation was
performed using standard classification metrics, including accuracy, precision, recall, and the
Fl-score.

Interpretable AI Framework for Cyber Threat Detection

Smart System Threats Smart System Architecture Cyber Detection Methods
1

— Network Attacks — Edge Layer — Signature-| based DS
— Data Injection — Network Layer — Anomaly-based IDS
— DoS/DDoS — Application Layer — Hybrid Detection
— Botnet Activity — Cloud Layer — Behaviour-based IDS
— Man-in-the-Middle — IoT Layer — ML-based Detection
1
— Random Forest Network Trafﬁc SHAP
— XGBoost — IoT Sensors — LIME
— Support Vector Machine — System Logs — Feature Importance
— Deep Neural Networks — Cloud Telemetry — Decision Rules
— LSTM/ GRU — Edge Device Events — Model Transparency
Momtorlng Response
1

Random Forest — Security Event Analysis — Real-Time Alert
— XGBoost — Threat Intelligence Generation
— Support Vector Machine Integration — Incident Response Actions
— Deep Neural Networks — Behavioural Monitoring — Security Policy
— LSTM/GRU — Security Metrics Enforcement

Evaluation — Automated Mitigation
— Risk Assessment — Analyst Decision Support

Figure 1. Conceptual framework of Al-based cyber threat detection

The proposed Al-based cyber threat detection system includes important components of
intelligent security monitoring in streaming and smart environments, as shown in Figure 1, which
serves to represent the structural relationships between these components and provides a basic
framework for developing an Al assessment model or intelligent security monitoring as having a
conceptual basis. The framework describes all aspects of a cyber threat (network attacks, data injection,
denial-of-service (DoS) and DDoS attacks, botnets), it also provides a detailed analysis of leading
cyber threats to both IoT and cloud infrastructures.
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The intelligent systems environment consists of many different data streams that are
continuously generated (IoT sensor data, network traffic streams, system logs, cloud data and
telemetry, and edge devices). All these distributed data sources form the basis for real-time, analytical
threat detection.

This framework also defines a multi-layered detection paradigm that combines signature-based
detection with anomaly detection and hybrid intrusion detection approaches through the application
of advanced machine learning techniques, including ensemble machines (Random Forest, XGBoost),
traditional classifiers such as support vector machines, and deep learning architectures such as LSTM
and GRU, enabling meaningful classification. and anomaly detection in multidimensional streaming
data.

Furthermore, the framework incorporates explainable Al methods (SHAP, LIME) that provide
global and local interpretability of model decisions. These methods will enable higher-quality
feature-level analysis, improved transparency of the model's predictive logic, and increased confidence
in automated threat detection.

Furthermore, the framework incorporates decision support/risk management capabilities,
including behavioral monitoring; threat intelligence integration; risk assessment; and real-time
incident response support, enabling analysts to interpret model outputs and make informed decisions
to mitigate cyberthreats.

The presented conceptual framework describes a theoretical model for developing a
data-driven cyberthreat detection system and demonstrates the relationship between detection
accuracy, model transparency, and the ability to process threat detection data generated by the system
in near real time.
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Figure 2. Architecture of the Proposed Cyber Threat Detection System

The presented conceptual diagram provides the theoretical basis for the operational architecture
of the cyber threat detection system, shown in Figure 2.

Figure 2 presents the operational architecture of the proposed cyber threat detection system,
while Figure 1 provides its conceptual representation. The architecture generates and stores processed
large volumes of security data from intelligent systems, such as loT devices, network sensors and
appliances, and cloud services, in a stream processing layer and an event orchestration layer, which
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continuously manage stream processing and synchronization related to security data and security
events across multiple analytics modules.

Collected data from the stream processing layer is stored in a security data logging/storage
module, which maintains a structured log of network telemetry, system logs, and detection engine
output. The logging and storage module is used for real-time monitoring and retrospective analysis.

An Al-powered cyberthreat detection engine is the core of the architecture, performing feature
extraction, anomaly detection, and network behavior classification. The system uses a combination of
machine learning techniques to process various types of input data, including traffic, system activity,
and a variety of threat data.

The cyberthreat detection system generates multiple outputs, including threat identification,
behavior classification, quantitative risk assessment (measurable probability) of anomalies, and
outputs for explainability modules that interpret the model's decision based on its contribution.

Anomalies are sent to the alert generation module, which generates real-time alerts, incident
notifications, and remediation recommendations. These outputs are available to users through an
interface designed for cybersecurity analysts to support operational decision making.

The architecture also includes data analysis and reporting to evaluate model performance using
standardized performance metrics and to identify patterns in the threat landscape, system activity, and
detection effectiveness. The proposed architecture is a fully scalable and interpretable cyber threat
detection system that leverages machine learning and explainable artificial intelligence in a common
data processing pipeline.

Streaming Security Data Data Preprocessing

network traffic, logs, [oT telemetry cleaning, normalization,
feature extraction

Prediction Results Machine Learning Detection Model

normal traffic / anomaly / attack type Random Forest / XGBoost/ LSTM

Explainable AI Analysis Feature Contribution Analysis

SHAP / LIME interpretation feature importance, local explanations

Security Decision Support System Interpretable Security Insights

threat assessment, mitigation actions attack explanation, model transparency

Figure 3. Explainable artificial intelligence workflow

The Workflow of Explainable Artificial Intelligence for Understanding the Predictions of a
Cyber Threat Detection Model from a Streaming Smart System is illustrated in Figure 3. The proposed
Cyber Threat Detection Model uses a combination of streaming security data from various sources,
network traffic, system logs, and IOT telemetry. This data is then pre-processed into relevant features
before being fed into different machine learning models (i.e., Random Forest, XGBoost, and LSTM).
Each of these models outputs the predictions of what is considered normal traffic, anomalies, or a
potential type of attack. The last step involves using Explainable Artificial Intelligence techniques
such as SHAP and LIME to evaluate how much each feature contributes to the decision made by
the Machine Learning Model. This process allows users to interpret different security views and
develop security insights in order for users to facilitate their assessment of cyber threats and assist
with decision-making in terms of mitigating the threat, through the Cybersecurity Monitoring System.

In the implementation of the Cyber Threat Detection Framework, various machine learning
models (ML) and explainable artificial intelligence methodologies (EAI) were employed. The ML
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algorithms chosen were based on their success in network intrusion detection and for their ability to
handle large amounts of streaming security data. A summary of the machine learning and EAI models
can be found in Table 1.

Table 1. Machine learning models and explainable Al methods used for cyber threat detection

ML Model Type Role in the Detection System

Random Forest Ensemble learning Network traffic classification and anomaly detection
XGBoost Gradient boosting High-performance intrusion detection and pattern recognition
LSTM Deep learning Detection of temporal patterns in streaming network data
SHAP Explainable Al method Global feature importance analysis and model interpretability
LIME Explainable Al method Local explanation of individual prediction decisions

XGBoost and Random Forest algorithms are popular in cybersecurity applications because
they can successfully classify and handle large amounts of multidimensional data. An LSTM (Long
Short-Term Memory) neural network was chosen as it can effectively analyze time-series data and
the sequential behavior of data over time. Techniques for increasing model transparency through
Explainable Artificial Intelligence (XAI) such as SHAP (SHapley Additive exPlanations) and LIME
(Local Interpretable Model-agnostic Explanations) were added to the proposed framework, providing
the opportunity to analyze the exact contribution of each feature to the predictions made by each
model while providing the user with a clear understanding of how any model determines whether or
not to classify an event as a cyber threat. As machine learning detection methods and Al have been
combined, the ability for the user to trust and understand the results of the proposed cybersecurity
monitoring system will continue to grow with further development, ultimately creating an extremely
reliable and highly useful cybersecurity monitoring system.

Results and discussions. A global analysis of how important features are for predicting
outcomes was conducted on machine learning systems to evaluate how interpretable the proposed
cyber-threat detection method is. Feature importance takes a look at how much each input variable
contributes when the model makes its prediction and gives you some evidence of how the detection
method works under the hood.

Figure 5. Global feature importance for interpretable cyber threat detection
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Figure 4. Global feature importance analysis for interpretable cyber threat detection

Figure 4 shows in order of ranked importance how important each of the ten most influential
features of network traffic extracted from the streaming cybersecurity datasets are to the classification
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process as measured by their mean contribution across all trained models. As indicated in the
figure, the single feature that contributed the most to model classification is Flow Duration with
an average importance score of .182. This metric represents the temporal characteristics of network
communication sessions and can often be found in association with various types of abnormal
traffic including those associated with Denial of Service (DoS) attacks and botnet activity. Network
communication sessions that are attacked typically show abnormal flow durations compared to
legitimate network flow duration patterns.

The second highest ranked classification feature is Packet Size Mean at .156. This metric
indicates the mean packet size over a period of communication between hosts. Malicious traffic
typically exhibits variations in the distribution of packet sizes, particularly with respect to
reconnaissance activities (i.e., scanning) and data exfiltration.

The third highest classification feature is the Forward Packet Length Maximum at .141. This
metric indicates the maximum packet size of a flow of packets that have been transmitted in the forward
direction. Large bursts of packets or aberrant payload sizes may indicate suspicious network activity
(e.g., data exfiltration and/or command-and-control activity).

The Backward Packet Length Mean, Flow Bytes per Second, and Flow Packets per Second
features also contribute to the detection process with an importance score of .118, .103, and .091,
respectively. These metrics describe the volume of network traffic between hosts over a specified
period of time and bandwidth consumed, both of which are often used as indicators of abnormal
network activity.

Metrics such as SYN Flag Count, ACK Flag Count, and Destination Port all contribute to the
detection measures but are considered less important than the previously listed features. These metrics
reflect characteristics of connections between the source and destination of the traffic being analyzed
and the protocols used to establish the connections and can be used in the detection of scanning activity
and network probing.

The overall results confirm that this feature set represents the most important characteristics
of network traffic behavior and therefore support the interpretability of the detection framework. The
integration of feature importance analysis supports the explainable artificial intelligence framework
as described in the methodology section and enables cyber security analysts to identify the variables
that influence the model predictions.

Comparison of Cyber threat detection models performance. The goal of this section was
to compare the effectiveness of our Al-based detection system through a comparative analysis of
four different machine learning models (Random Forest, XGBoost, LSTM, and our Hybrid XAI
Model). Our four chosen models were all known for their ability to perform well when trying to detect
network intrusion as well as for being able to handle large amounts of streaming data in the field of
cybersecurity.

Four widely used classification performance metrics were used to conduct our comparative
analysis: (1) accuracy, (2) precision, (3) recall, and (4) F1-score.
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096 Performance Comparison of Cyber Threat Detection Models
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Figure 5. Performance comparison of cyber threat detection models

The models presented in this Figure 5 demonstrate the performance results based on each
of the assessed performance criteria. Based on the study results, it can be concluded that Hybrid
XAI produces the best overall results across all performance metrics assessed, outpacing all of the
individual machine learning models.

The Random Forest model acted as the baseline model with an approximate accuracy of 0.924,
a precision of 0.916, and a recall of 0.911. Random Forest provides relatively stable classification
accuracy, but does not have the capacity to capture intricate temporal patterns that are present in
network traffic.

The XGBoost model outperformed Random Forest, achieving an accuracy rate of 0.941,
and a precision score of 0.935. Gradient boosting has demonstrated excellent modelling abilities of
complex non-linear relationships in high dimensional data, which explains the increased accuracy
rates observed between Random Forest and XGBoost.

The LSTM model is slightly less accurate than XGBoost, yet has a higher recall score than
XGBoost (0.939). This finding is expected given the ability of Recurrent Neural Networks such as
LSTM to accurately capture temporal dependencies in sequentially ordered network traffic data. As
such, LSTM is more able to accurately identify specific types of cyberattacks that exhibit time-based
behaviour patterns.

The Hybrid XAI model showcases the highest level of success, achieving an accuracy of
0.956, precision of 0.948, recall of 0.951, and F1 score of 0.949. The hybrid model was able to work
better by combining many different techniques for detection, along with using both the ML prediction
techniques and explainable Al techniques.

This study has shown that using hybrid approaches of using traditional statistical machine
learning algorithms with explainable artificial intelligence methods will improve both the accuracy
and compliance of detecting if the cybersecurity monitoring system is functioning correctly.

Confusion matrix analysis of cyber threat classification. To continue evaluating the
performance of the classifier via this detection system, we performed an analysis of the confusion
matrix. A confusion matrix presents a thorough representation of all classification results produced
by the classifier, separated by type of cyber attack classified and identifying any potential trends of
misclassification.
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Figure 7. Confusion Matrix of the Proposed Interpretable Cyber Threat Detection Model
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Figure 6. Confusion matrix of the proposed interpretable cyber threat detection model

The confusion matrix for the interpretable cyber threat detection system proposed in this work
is shown in Figure 6. This matrix demonstrates the performance of the proposed model across six
different categories for classifying traffic or cyber threats (systems are typically categorised according
to the following types):

- Normal Traffic

- Denial of Service (DoS) Attacks
Distributed Denial of Service (DDoS) Attacks
Reconnaissance Activity
Botnets
Data Exfiltration

As can be seen from the confusion matrix, the classification accuracy of each type of traffic (or
cyber threat) generated by the proposed system is very high with almost all of the correctly classified
instances being located along the diagonal of the confusion matrix. Further, a very small number of
normal traffic instances were misclassified as attacks. Therefore, the proposed system has a very low
false positive rate.

For example, with respect to normal network traffic, the proposed model correctly classifies
96.9% of instances. A small number of normal traffic instances are classified incorrectly; however,
these instances were classified as a type of attack, which indicates that the proposed system has a low
false positive rate.

Similarly, for DoS and DDoS types of attacks, the proposed model achieved classification
accuracies of 94.8% and 95.4%, respectively. The majority of misclassifications are the result of attack
types that exhibit some overlap (the same behaviour will exhibit characteristics that closely resemble
one another); therefore, misclassifying one attack for another, when they share similar behaviours, is
a common problem in network intrusion detection systems.

The accuracy for identifying reconnaissance activity (scanning and probing a network to
determine its vulnerabilities) is 94.9%. There are a small number of instances of overlapping scanning
behaviour between reconnaissance (i.e., scanning) and botnet activity, which results in a small number
of misclassifications.

46



ISSN 2707-4862 Smart Technologies Journal, 1(7) - 2025

The accuracy of botnet detection is 94.7%, while the accuracy of detecting data exfiltration
1s 96.6%. The high detection rate of data exfiltration is particularly important because many of these
attacks involve the possible loss of sensitive personal or proprietary information.

Discussion of results. The findings of the conducted experiments support the usefulness of the
suggested Al framework for detecting cyber threats in real-time for smart systems. The evaluation of
the importance of features indicates that significant characteristics of network traffic (flow duration,
packet size statistics, and traffic rate indicators) are heavily relied upon, which are commonly used
in cyber security research as reliable indicators of anomalous behavior within a network. The results
of the comparison of performance indicate that ML techniques provide much greater capabilities to
detect cyber threats than baseline models. More specifically, the hybrid XAI (explainable artificial
intelligence) model produced the best results as based on all evaluation metrics, which suggests that
multiple forms of machine learning alongside explananble Al techniques enable improved accuracy
in predicting cyber threats and increasing transparency of machine learning models. It has also been
shown in the confusion matrix analysis that the suggested system is capable of distinguishing between
various categories of cyberattacks with very low misclassification rates. These findings show that
there is a significant benefit to the combination of machine learning models for detecting cyber threats
with interpretable analysis techniques to enhance the quality of real-time cybersecurity monitoring in
complex smart environments.

Conclusion. An Artificial Intelligence framework has been developed which is interpretable
and provides cyber threat identification in real time for smart systems using a streaming approach.
In developing the proposed Hybrid XAI model, machine learning techniques (i.e. Random Forest,
XGBoost, LSTM) are used in addition to explainable AI mechanisms (i.e. SHAP, LIME) to improve
not only the ability to detect a cyber threat but also to provide interpretable insight about how detection
was performed. Using Statistical Analysis of the Experimental Results of the proposed Hybrid XAI
Model, it was demonstrated that the Hybrid XAI model outperforms the others in virtually every aspect
of performance (i.e. Accuracy, Precision, Recall & F1 Score) while being able to successfully identify
all styles of cyber attacks. Statistical Analysis of the Feature Importance confirmed the identifying
characteristics of network traffic used to determine when traffic utilizes anomalous behavior, including
but not limited to flow duration, packet size statistics, and traffic rates.

This new framework has the potential to be utilized in live monitoring systems for cyber threats
in smart cities (i.e. cities that have adopted IoT) and can be used in Cloud Technology (software as
a service) as well as [oT infrastructures; enabling detection processes to interpret and reliably detect
cyber threats in ever-changing environments.

Several limitations must be considered with respect to the strong overall performance described
herein through the proposed framework; specifically, evaluation conducted using benchmark data sets
may not adequately represent the full range of variability that can occur in actual network environments
and, further, the computational expense of the explainable Al techniques applied might also restrict
their use for real-time applications within larger-scale systems.

Future studies will therefore focus on the validation of this framework within a real-world
deployment, development of heuristics for optimizing computational efficiency, integration of
adaptive learning techniques to manage concept drift with respect to streaming data.

The research demonstrated that it is feasible to create a combination of intrusion detection
using machine learning techniques and a mechanism for providing explanations of how the intrusion
detection model works, resulting in increased value of providing an effective method for monitoring
cyber security in the modern smart infrastructure.

References

Akshya J. et al. Explainable Al-driven intrusion detection for securing loT-enabled autonomous transportation systems //Cluster
Computing. — 2025. — T. 28. — Ne. 14. — C. 884. https://doi.org/10.1007/s10586-025-05617-1

Al Rawajbeh M. et al. Trustworthy adaptive Al for real-time intrusion detection in industrial IoT security //IoT. —2025. — T. 6. — Ne. 3.
— C. 53. https://doi.org/10.3390/i0t6030053

Alabdulatif A. A novel ensemble of deep learning approach for cybersecurity intrusion detection with explainable artificial intelligence
//Applied Sciences. — 2025. — T. 15. — Ne. 14. — C. 7984. https://doi.org/10.3390/app15147984

Almbheiri S. J. et al. Smart sustainable cyber security: modelling an interpretable and transparent threat detection with explainable
artificial intelligence //Discover Sustainability. — 2025. — T. 6. — Ne. 1. — C. 442. https://doi.org/10.1007/s43621-025-01280-z

47



ISSN 2707-4862 Smart Technologies Journal, 1(7) - 2025

Alshudukhi K. S. et al. Next-Generation Lightweight Explainable AI for Cybersecurity: A Review on Transparency and
Real-Time Threat Mitigation //Computer Modeling in Engineering & Sciences. — 2025. — T. 145. — Ne. 3. — C. 3029.
https://doi.org/10.32604/cmes.2025.073705

Jumagaliyeva A. et al. Application of Deep Learning Methods for Visual Pattern Recognition in Heterogeneous Images // Bulletin of
KazATC. —2025. — Vol. 141. —No. 6. — pp. 195-208. DOI: https://doi.org/10.52167/1609-1817-2025-141-6-195-208

Kalutharage C. S., Liu X., Chrysoulas C. Neurosymbolic learning and domain knowledge-driven explainable ai for enhanced iot network
attack detection and response //Computers & Security. —2025. — T. 151. — C. 104318. https://doi.org/10.1016/j.cose.2025.104318
Khalaf N. Z. et al. Development of real-time threat detection systems with Al-driven cybersecurity in critical infrastructure
//Mesopotamian Journal of CyberSecurity. — 2025. — T. 5. — Ne. 2. — C. 501-513. https://doi.org/10.55248/gengpi.6.0525.1991

Lee H. et al. Enhancing Decision-Making of Network Intrusion Analysis Assisted by Explainable AI for Real-Time
Security Monitoring //2024 IEEE Conference on Dependable and Secure Computing (DSC). — IEEE, 2024. — C. 147-154.
https://doi.org/10.1109/dsc63325.2024.00039

Mohale V. Z., Obagbuwa I. C. A systematic review on the integration of explainable artificial intelligence in intrusion detection systems
to enhancing transparency and interpretability in cybersecurity //Frontiers in Artificial Intelligence. — 2025. — T. 8. — C. 1526221.
https://doi.org/10.3389/frai.2025.1526221

Moustafa N. et al. Explainable intrusion detection for cyber defences in the internet of things: Opportunities and solutions //IEEE
Communications Surveys & Tutorials. — 2023. — T. 25. — Ne. 3. — C. 1775-1807. https://doi.org/10.1109/comst.2023.3280465

Patel T. et al. Enhancing Cybersecurity in Internet of Vehicles: A Machine Learning Approach with Explainable Al for
Real-Time Threat Detection //Proceedings of the 40th ACM/SIGAPP Symposium on Applied Computing. — 2025. — C. 2024-2031.
https://doi.org/10.1145/3672608.3707769

Paul A. L. Explainable Al for Cybersecurity: Interpreting Deep Learning Models for Real-time Threat Detection in IoT Networks.
https://doi.org/10.1109/iccosd66074.2025.11348330

Prasad H., Prasad U., Paul P. Explainable AI for Cybersecurity: Implementing Interpretable Models for Real-Time Threat
Detection //2025 International Conference on Communication and Smart Devices (ICCoSD). — IEEE, 2025. — T. 1. — C. 1-6.
https://doi.org/10.1109/iccosd66074.2025.11348330

Rahmati M. Towards explainable and lightweight AI for real-time cyber threat hunting in edge networks //arXiv preprint
arXiv:2504.16118. — 2025. https://doi.org/10.21203/rs.3.rs-6198488/v1

Rystygulova V., Bizhanova K., Kadirkulov S., Asilbaeva R., & Makhatova V. (2025) Methodological framework
for building interpretable machine learning models in applied forecasting. Vestnik KazATC, 141(6), 143-153.
https://doi.org/10.52167/1609-1817-2025-141-6-143-153

Thiruvenkatasamy S. et al. Real-Time Intrusion Detection System for Wi-Fi-Based Wireless Sensor Networks using Deep
Learning and Explainable Al //2025 10th International Conference on Smart Structures and Systems (ICSSS).-IEEE, 2025.-C.1-10.
https://doi.org/10.1109/icsss66939.2025.11346435

48



