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Abstract — Government agencies hold critical information that is
sensitive to the personal security of citizens, of critical
infrastructure components, and of national security assets, all of
which can be the targets of sophisticated cyberattacks. Current
traditional cybersecurity solutions are mainly signature-driven,
which are often less effective against advanced persistent threats,
insider attacks, ransomware, phishing campaigns, and zero-day
attacks. This paper introduces an AITIR (Artificial Intelligence-
based Threat Intelligence and Incident Response), a new
framework for intelligent cybersecurity that improves threat
detection, risk assessment, and automated incident response in
government environments. The proposed framework brings
together machine learning anomaly detection, behavioral
analytics, Al-driven threat intelligence, predictive risk
assessment, and automated security orchestration, all under a
single roof, to continuously monitor security events and
automatically respond to new cyber threats in real-time. The
system generates a framework that evaluates traffic, user
behavior, system logs, and endpoint activities to detect malicious
patterns without generating too many false alarms. Experimental
results validate the proposed approach and show that the
approach is capable of achieving an overall classification accuracy
of 97.4% and high precision, recall, and F1-score for a variety of
cyber threat categories. The thorough performance assessment,
such as feature significance, correlation matrix, learning behavior,
and confusion matrix evaluation, further verifies the robustness
and reliability of the proposed framework. The features of
AITIR's intelligent analytics, automated response mechanisms,
and continuous security monitoring create a scalable, adaptive,
and future-proof cybersecurity solution that improves cyber
resilience for government agencies, assists with regulatory
compliance, and protects critical information systems from the
ever-evolving cyber threat landscape.
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1. INTRODUCTION

Government use of digital technologies is opening new
avenues for delivering effective and efficient public services,
running essential services, and storing huge quantities of
sensitive citizen and national information [1]. Digital
transformation has greatly helped to optimize working
procedures, but it also added more attack points to government
systems, which are now more susceptible to ransomware,
phishing efforts, sophisticated attacks (APT), insiders, DDoS
attacks, and zero-day exploits [2]. These cyberattacks can have
a negative impact on fundamental services and public
infrastructures, on confidential information, and on national
security. Consequently, enhancing cybersecurity has become a
top strategic priority for government bodies worldwide [3].

Most of the conventional cybersecurity solutions focus on
signature detection and predefined security policies. While
useful for known threats, they are not effective for new and
unknown attack patterns [4]. As cyberattacks become ever
more sophisticated and common, intelligent security solutions
must continuously learn from changing threat landscapes and
act in real-time [5]. Artificial Intelligence (AI) has become a
game-changer in today's cybersecurity landscape, offering
tools for automated threat detection, behavioral analysis,
identification of anomalies, and predictive risk assessment with
a minimal need for human intervention [6].
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This paper introduces an intelligent cybersecurity
framework called AITIR (Artificial Intelligence-Based Threat
Intelligence and Incident Response) developed specifically for
the government sector. The framework brings together machine
learning-based anomaly detection, deep learning-based threat
classification, behavioral analytics, threat intelligence
correlation, and automated incident response to a single
security architecture. This framework can continuously track
network traffic, user activities, and system behavior,
identifying suspicious activities, prioritizing security threats,
and taking prompt action to prevent potential cyber incidents.
Plus, the «centralized security orchestration, policy
enforcement, and audit logging provide further security
governance, security regulatory compliance, and security
transparency. The proposed framework aims to increase the
effectiveness of threat detection, response time to incidents,
cyber-resilience, and more secure digital governance. With
cyber threats continually changing, AITIR offers a scalable,
adaptive, and intelligent cybersecurity solution that can defend
the critical government information system today and future
challenges

II. RELATED WORKS

Artificial Intelligence (Al) is a game-changer in the realm
of cybersecurity, providing intelligent threat detection,
anomaly analysis, and automated security measures to boost
the security of systems [8]. In the field of cybersecurity, Al is
emerging as a pivotal tool for intelligent threat detection,
anomaly analysis, and automated security responses,
significantly enhancing systems' security. In the field of
cybersecurity, Al (artificial intelligence) becomes a key
technology, providing intelligent threat detection, anomaly
analysis, and automated defenses to enhance modern security
systems. Recent studies have clearly shown that machine
learning and deep learning methods can greatly enhance
intrusion detection by detecting complex attack patterns whose
signature-based methods typically miss [9] and [10]. To protect
distributed and IoT environments from the attacks, many smart
intrusion detection systems are developed that increase
detection capability with minimized false alarms. Cyber threat
intelligence systems have also matured to the point of
integrating machine learning to detect malicious behaviors,
correlate threat data, and aid in proactive threat response
strategies [11]. Explainable Artificial Intelligence (XAI) has
also enhanced the transparency and interpretability of Al-
driven security models, allowing for more trust in automated
security decisions. Behavioral analytics has been used
extensively to detect insider threats and abnormal user
behavior. Hybrid deep learning models have been effective in
detecting anomalies in encrypted network traffic [12].

In recent years, there has also been a growing emphasis on
Al-driven threat assessments, protection of critical
infrastructure, autonomous threat intelligence, and ethics in the
deployment of smart security systems in real-world scenarios
[13]. Moreover, Al-driven behavioral sequence modeling has
proven to be successful in the long-term analysis of behavior to
detect fraudulent and suspicious activities across complex
digital ecosystems [14]. Even with these developments, current
solutions focus on individual cybersecurity tasks rather than on
a comprehensive solution. Government is proposing a new
AITIR framework to address these challenges that helps to
integrate Al-based threat intelligence, anomaly detection,
behavioral analytics, predictive risk assessment, automated
incident responses, and centralized security orchestration into
a single cybersecurity architecture tailored for government
agencies [15].

I11. PROPOSED FRAMEWORK

The proposed AITIR (Artificial Intelligence-Based Threat
Intelligence and Incident Response) is an artificial intelligence-
driven, adaptive, and comprehensive cybersecurity model for
government agencies. It combines several security toolboxes
and functions into a single architecture that can detect, analyze,
prioritize, and respond to cyber threats in real-time. The
framework continually gathers security events from all types of
sources, such as network traffic, system logs, endpoint devices,
user activity, and security monitoring tools to build a full
picture of the enterprise environment. The overall architecture
of the proposed AITIR framework is illustrated in Fig. 1
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Fig. 1. Overall Architecture of the Proposed AITIR Cybersecurity Framework

The architecture is made up of functional and
mutually dependent components that collectively work to
support the cybersecurity lifecycle. The followings data
acquisition layer is an intelligent layer that collects and
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aggregates security information from multiple sources, and the
preprocessing layer preprocesses the collected information,
normalizes it, and filters it, and then the collected information
is saved. The Al-powered threat intelligence engine integrates
security events, threat intelligence, and threat knowledge to
detect patterns of suspicious events and new attack behaviors.
A behavioral analytics module is continually assessing user and
system behavior by identifying abnormal activity that could
result in insider threats, compromise of the account, or
malicious activity. At the same time, an anomaly detection
feature detects deviations from the normal operating pattern
and thus makes it possible to discover previously unknown
attacks.

The framework additionally includes a predictive risk
estimation module that scores identified risks as per their effect
on the organization and the probability of occurrence,
permitting security managers to concentrate on the most
serious risks. The automated incident response module handles
pre-set security responses, such as alert generation, access
restriction, threat containment, documentation, etc., to ensure
timely responses and to reduce the number of manual
responses. Centralized policy management, audit logging, and
security orchestration help maintain the organization's
compliance with regulations, transparency, and security and
ensure that security policies are being adhered to in a uniform
manner.

Overall, AITIR establishes an integrated
cybersecurity architecture that strengthens visibility of threats,
enhances the system's resistance to emerging threats, and
provides a scalable platform for secure digital governance. The
methodology is detailed in the following section and presents
the methodology for the implementation, the construction of
the dataset, and the system workflow, along with the
experimental setup and the evaluation methods.

V. METHODOLOGY

AITIR (Artificial Intelligence-Based Threat Intelligence
and Incident Response) is a proposed end-to-end Al-powered
approach to smart cyber threat detection, risk assessment, and
automated incident response in government agencies.
Cybersecurity data can come from a variety of sources, such as
network traffic, firewalls, intrusion detection systems, user
access logs, endpoint security, operating system logs,
application logs, DNS logging, cloud security services,
database audit logs, email gateways, and user access logs.
These sources of data offer a full view of enterprise security
operations, helping to accurately identify malicious activity.

The data that is collected is then preprocessed to ensure
consistency and quality by eliminating invalid log entries,

missing data, and duplicate records. Categorical attributes are
encoded into numbers, and continuous attributes are scaled.
The feature engineering fetches meaningful cybersecurity
features such as government level of access, privilege
escalation, token entropy, session duration, data egress,
authentication status, network activity, process behavior, risk
score, and threat category. The framework is validated based
on a cybersecurity dataset composed of 4 threat classes
(authorized government access, APT insider threat,
ransomware payload, and phishing credential harvest) that
includes 50,000 security event records. The processed dataset
is split into three subsets: 70% for training, 15% for validation,
and 15% for testing, providing balanced learning and
evaluation of the model.

The cyber threats are classified by a deep neural network
(DNN) with three hidden layers and 256, 128, and 64 neurons,
respectively, along with an output layer of 4 neurons for the
different categories of threats. The hidden layers include a
ReLU activation function with batch normalization and
dropout (0.30) for better convergence and to prevent
overfitting, and the output layer has a Softmax activation
function for multiclass classification. The model is trained with
a learning rate of 0.001, a batch size of 64, a loss function of
categorical cross-entropy, and 150 epochs of training with early
stopping to avoid overfitting. The workflow of the proposed
AITIR framework is depicted in Fig. 2
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Fig.2. Workflow of the Proposed AITIR Framework

Detected events are then classified, correlated with
threats, analyzed for behavior, and assessed for predictive risk
to detect suspicious activity, insider threats, ransomware,
phishing attacks, and privilege escalation attempts. A dynamic
risk score is calculated based on threat severity, vulnerability,
asset criticality, and operational impact and can trigger
automated incident response actions like alert generation,
access restriction, malicious IP blocking, device isolation,
forensic logging, and policy enforcement. It has been
programmed in Python 3.11, TensorFlow 2.16, Scikit-learn 1.5,
Pandas, NumPy, and Matplotlib on 32 GB RAM with an Intel
Core 19 processor with an NVIDIA RTX 4070 GPU. The
framework is tested by accuracy, precision, recall, F1-score,
confusion matrix, ROC-AUC, five-fold cross-validation,
statistical validation, and response time analysis, and its result
confirms that the framework can give intelligent and reliable
cybersecurity protection to government information systems.

The extracted security features are aggregated to
compute the threat intelligence score, enabling intelligent
prioritization of potential cyber threats based on multiple
security indicators.

n
TIS = Z w; F, (1)
i=1

where, TIS denotes the Threat Intelligence Score, F;
represents the (" extracted security feature, w; indicates the
corresponding feature weight, and ndenotes the total number
of extracted features.

Behavioral deviations are quantified using an
anomaly detection score that measures the extent to which
current security events differ from established normal behavior.

[ X —pul
ADS = ——— )

where, ADS represents the Anomaly Detection Score,
X denotes the observed security event, u represents the mean
of normal behavioral observations, and odenotes the standard
deviation of normal behavior.

The cyber risk associated with each detected incident
is estimated using a weighted risk assessment model that
combines multiple security factors.

CR=aT + pV +yA 3

where, CR denotes the Cyber Risk Score, Trepresents
threat severity, Vdenotes vulnerability level, Arepresents asset
criticality, and «, 8, and y are coefficients

satisfyinga + f +y = 1.

weighting

The overall effectiveness of the proposed framework
is evaluated using the security confidence metric derived from
the classification outcomes.

0SC = TP +TN A
" TP+TN +FP+FN “)

where, OSC denotes the Overall Security Confidence,
TP represents true positives, TN denotes true negatives, FP
represents false positives, and FN denotes false negatives.

Feature extraction, deep neural network inference,
and threat intelligence correlation are the key factors that affect
the computational complexity of the proposed AITIR
framework. The modular design allows for efficient and timely
detection of threats, with minimal response time, while the
parallel processing and acceleration by GPUs are used in part
to ensure scalability and computational efficiency to enable
timely monitoring of cyber threats with minimal latencies in
government processes.

V. RESULT AND DISCUSSION

The Artificial Intelligence-Based Threat Intelligence and
Incident Response (AITIR) framework has been tested in a lab
environment to assess the cybersecurity capabilities of the
proposed framework in government agencies. Some of the
results include analysis of features, behavioral profiling,
classification evaluation, and model validation. The findings of
the experiment validate the ability of the framework to identify
and categorize the different types of cyber threats, support
intelligent risk assessment, and provide reliable automated
security operations and demonstrate its potential as a solution
to protect critical government information systems from the
constantly changing cyber threat landscape.
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Fig. 3. Distribution of Cyber Threat Categories

The proposed AITIR framework breaks down
cybersecurity events by the four categories of threats as shown
in Fig. 3. A balanced distribution of authorized government
access, APT insider threats, ransomware payloads, and
phishing credential harvests is represented in the dataset. This
optimal distribution helps to reduce the classification bias when
training a model, and the ability for the proposed framework to
learn multiple cybersecurity attack behaviors lead to more
reliable threat identification and classification performance in
a wider range of cybersecurity scenarios.

TABLE 1. COMPARISON OF THE PROPOSED AITIR FRAMEWORK WITH EXISTING

METHODS
Method Accuracy Precision Recall F1-
(%) (%) (%) Score

(%)

Support Vector | 91.6 91.2 91.0 91.1

Machine (SVM)

Random Forest 93.1 92.8 929 92.8

Convolutional Neural | 95.2 95.0 95.1 95.0

Network (CNN)

Long Short-Term | 96.4 96.2 96.3 96.2

Memory (LSTM)

Proposed AITIR 97.4 97.3 97.2 97.2

To compare the proposed AITIR framework with
some of the popular machine learning and deep learning
methods for cybersecurity threat detection, it is compared with
them in tabular format as shown in Table I. The proposed
framework attains the maximum classification accuracy of
97.4%, which is better than SVM, Random Forest, CNN, and
LSTM models. Additionally, there is the advantage of precision
and recall and F1 score, which leads to similar and stable
classification results when it comes to cybersecurity threats.
The Al-based threat intelligence, behavior analytics, anomaly
detection, predictive risk assessment, and automated incident
response all built into one cybersecurity architecture are the
reason for this new ability.
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Fig. 4. Correlation Matrix of Cybersecurity Features

The relation between the extracted cybersecurity features
included in the proposed framework is shown in Fig. 4 There
are some moderate positive and negative relationships in terms
of the dependency of network activities, user behavior, access
privileges, and security risks. The correlation analysis further
validates that the chosen features are not redundant and have
the ability to provide a holistic view of the cyber threat
landscape while also simplifying intelligent security analysis.

TABLE II. STATISTICAL VALIDATION OF THE PROPOSED AITIR FRAMEWORK

Metric Value

Mean Accuracy (%) 97.38
Standard Deviation 0.19

95% Confidence Interval 97.21-97.55

Five-Fold Cross-Validation Accuracy (%) | 97.31

t-value 5.84

p-value 0.003

To check the validation, statistical validation is carried
out by 5 independent experimental runs, and 5-fold cross-
validation is used to check the robustness and reliability of the
proposed AITIR framework. The results were very stable with
a mean of 97.38% and a standard deviation of 0.19 in repeated
experiments where the framework was applied. The results
obtained are reliable within the 95% confidence interval
(97.21%-97.55%), and the fivefold cross-validation accuracy
(97.31%) indicates a good generalization ability of the model.
Furthermore, the t-values of 5.84 and p-values of 0.003 indicate
that this performance improvement is statistically significant
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and that the proposed framework of intelligent cybersecurity
threat detection is effective and reliable.
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Fig. 5. Joint Distribution of Government Access Level and Data Egress

Fig. 5 shows the relationship between the access level
and data egress by different types of cybersecurity threats. The
joint distribution shows that there are different patterns of
behavior with both legitimate and malicious activities and
allows the framework to detect abnormal information transfer
in conjunction with high access privileges. This
multidimensional analysis provides added value for behavioral
profiling, anomaly detection capability, and
intelligent cyber threat identification accuracy.
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Fig. 6. Regression Analysis Between Token Entropy and Government Risk
Score

The regression relationship between token entropy
and calculated risk score of the government is presented in Fig.
6. The positive linear trend indicates that the higher the entropy,
the greater the cybersecurity risk. This is an observation that

proves the usefulness of token entropy as an informative
security feature and how it contributes to intelligent threat
assessment and risk prioritization in the proposed AITIR
framework.
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Fig. 7. Distribution of Session Duration

The probability distribution of the session duration of
the data collected in the cybersecurity dataset is depicted in Fig.
7. A large proportion of security events take place at short
session durations, while relatively few events have long session
durations. This distribution allows the proposed framework to
create behavioral profiles normally and detect those
characteristics of an abnormal session that can be related to
malicious activities, unauthorized attempts to access the
system, or possible cyber threats that should be investigated
immediately.

Confusion Matrix
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Fig. 8. Confusion Matrix of the Proposed AITIR Framework

The cyber threat classification results in the proposed
AITIR framework are shown in the confusion matrix shown in
Fig. 8. The majority of samples are assigned correctly to their
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attack categories, and there are only a few misclassified
samples. High clustering of correctly classified observations
along the principal diagonal infers that the proposed framework
has the ability to classify multiple cyber threats with high
consistency and accuracy.

Learning Curve
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Fig. 9. Learning Curve of the Proposed AITIR Framework

The learning behavior of the proposed AITIR
framework is shown in Fig. 9, as the number of training data
grows. The training score gradually and steadily approaches the
cross-validation score, which suggests that the model learning
is stable and that the generalization is effective. The curves are
relatively similar with only a minor difference, indicating that
there is little overfitting in the results and that the framework
proposed in this paper retains good predictive capability for
cybersecurity data that would not have been used to train the
model.
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Fig. 10. Feature Importance Ranking of Cybersecurity Attributes

The relative importance of the features extracted for
cybersecurity by the proposed AITIR framework is shown in
Fig. 10. The remaining attributes make a lesser contribution to
intelligent cyber threat detection as compared to government
access level, token entropy, session duration, and privilege
escalation. The feature ranking demonstrates that the security
indicators selected are indeed very important for the behavioral

characteristics and for accurate classification, risk assessment,
and automatic incident response.
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Fig. 11. Classification Performance Report of the Proposed AITIR
Framework

The overall accuracy, precision, recall, and F1-score
for the classification of the proposed AITIR framework are
summarized in Fig. 11. Evaluation scores are consistently high
in all categories of threats, demonstrating a balanced
predictability and threat identification capability. The
performance report shows that the proposed framework is well
suited to the classification of a wide range of cyber-attacks and
to their detection to protect a modern government information
system.

VI CONCLUSION

This paper introduced an intelligent cybersecurity
framework called AITIR (Artificial Intelligence Based Threat
Intelligence and Incident Response), which enables the
enhancement of the security of government agencies against a
growing number of advanced cyber threats by integrating threat
intelligence, anomaly detection, behavioral analytics,
predictive threat assessment, and security response
technologies in one solution that can continuously monitor
security events, detect malicious and suspicious ones, and start
proactive security countermeasures in real-time. Intelligent
analytics and central security orchestration, policy
enforcement, and ongoing security monitoring make its
operation more transparent, ensure regulatory compliance, and
increase cyberresilience. The proposed method was tested and
proved successful with the overall classification accuracy of
97.4% and high values of precision, recall, and F1-score for
various categories of cyber threats. The detailed performance
evaluation like feature importance visualization, correlation
analysis, learning behavior, and confusion matrix analysis
further  supported the robustness, reliability, and
generalizability of the proposed model. The achievements
made confirm that AITIR can be applied in the field of threat
detection with the use of intelligence information, in the field
of shortening the response time, and in the field of decision-
making in cybersecurity to protect the critical governmental
information systems. The proposed framework overall is
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scalable, flexible, and future-proof for digital governance.
Advanced techniques like federated learning, explainable Al,
real-time collaborative threat intelligence sharing, and other
zero-day attack detection methods will be further enhanced to
boost cybersecurity capabilities in the era of large-scale
government applications.
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