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ABSTRACT
The increasing complexity and frequency of cyber-attacks in next-generation networks require intelligent,
autonomous, and adaptive defense mechanisms. Traditional intrusion detection and threat management
systems often fail to respond effectively to zero-day attacks, advanced persistent threats (APTSs), and
rapidly evolving malware. To overcome these limitations, this study presents A Novel Adaptive Threat
Intelligence Framework for Next-Generation Network Security, designed to deliver proactive, scalable,
and context-aware cyber defense. The proposed framework introduces a four-layer adaptive threat
intelligence architecture. First, a Multi-Source Threat Intelligence Collector gathers and normalizes data
from network traffic logs, endpoint telemetry, vulnerability databases, and external threat feeds. Second, a
Deep Hybrid Anomaly Detection Engine, combining Convolutional Neural Networks (CNN) and
Bidirectional LSTM (BiLSTM), performs behavior-aware traffic analysis to accurately detect anomalies
and unknown attack signatures. Third, a Threat Intelligence Fusion and Correlation Module integrates
machine learning outputs with contextual threat indicators using a weighted fusion strategy to enhance
detection confidence. Finally, a Reinforcement Learning—Based Automated Response Engine
continuously learns optimal response actions, enabling dynamic mitigation, policy updates, and predictive
threat management. an Adaptive Threat Intelligence Framework designed to strengthen next-generation
network security through continuous learning, multi-source fusion, and automated response orchestration.
ATIF-Net integrates heterogeneous telemetry (network flows, host logs, threat feeds, endpoint telemetry,
and user behaviour), normalizes and enriches indicators using standardized schemas (STIX/TAXII),
applies online and drift-aware machine learning models for detection and scoring, and drives automated,
policy-guided responses via a decision orchestration engine.
Keywords: Threat intelligence, adaptive security, online learning, concept drift, STIX, TAXII, intrusion
detection, automated response, network security.
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1. INTRODUCTION infrastructures, the volume, velocity, and
The rapid evolution of cyber threats has diversity of security telemetry continue to grow

fundamentally reshaped the requirements for
modern network security. Advanced attackers
today employ polymorphic malware, multi-stage
intrusions, zero-day exploits, and Al-driven
evasion techniques that can easily bypass
traditional signature-based and rule-driven
security systems. As enterprise networks expand
across cloud, edge, IloT, and hybrid

exponentially. This dynamic threat landscape
exposes a critical limitation in conventional
security models: they are largely static, reactive,
and struggle to adapt to new or previously
unseen attack patterns. Threat Intelligence (TI)
offers valuable contextual information, but
existing platforms often rely on manually
curated  indicators,  fragmented  sharing
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mechanisms, and non-adaptive processes that
fail to keep pace with real-time attack behaviour.
Similarly, machine learning models deployed in
security operations centers (SOCs) tend to
degrade over time as threat behaviours evolve—
a phenomenon known as concept drift. Without
continuous learning, these models generate
increasing false positives, reduce analyst trust,
and create operational inefficiencies. To address
these challenges, this research introduces A
Novel Adaptive Threat Intelligence Framework
(ATIF-Net)—a next-generation security
architecture designed to deliver continuous
learning, context-aware threat fusion, and
automated  incident response.  ATIF-Net
combines heterogeneous telemetry sources,
external threat intelligence feeds, behaviour-
based analytics, and online machine learning
models to create an integrated and adaptive
defence mechanism. The framework
incorporates  drift-aware learning strategies,
multi-source enrichment, threat scoring, and
automated policy-based action orchestration to
achieve faster detection and more accurate threat
prioritization. The primary objective of ATIF-
Net is to transform cybersecurity from a static
rule-based paradigm into a dynamic,
intelligence-driven, and self-adapting ecosystem
capable of defending against sophisticated
adversaries. By leveraging streaming analytics,
cloud—edge deployment models, and
interoperable standards such as STIX/TAXII,
the proposed framework enhances detection
accuracy, reduces alert fatigue, and significantly
improves mean time to detect (MTTD) and
respond (MTTR). .

1.1 Motivation: Modern networks face rapidly
evolving threats — polymorphic malware, fast-
moving botnets, supply-chain attacks, and
targeted multi-stage intrusions. Static rule sets
and signature-only systems struggle with zero-
day tactics and behavior changes. Threat
intelligence (TI) feeds help but often lack
contextualization, timeliness, or require heavy

human analysis. There is a need for an end-to-
end framework that:

1. Continuously learns from
heterogeneous telemetry and ground
truth,

2. Fuses internal observations  with
external Tl to increase contextual

relevance,
3. Adapts to concept drift and adversarial
tactics with minimal human

intervention,
4. Orchestrates response actions in a safe,
policy-driven manner.

2. RELATED WORK
Standards like STIX/TAXII and platforms such
as MISP provide the lingua franca and tooling
for machine-readable threat sharing; they enable
automated ingestion, enrichment and correlation
of external indicators but do not by themselves
solve timeliness, contextualization, or adaptation
problems.
STIX/TAXII: Structured Threat Information
Expression  (STIX) defines objects and
relationships (indicators, campaigns, malware,
etc.) and TAXII is the transport/service layer for
sharing. These standards make programmatic
exchange of rich Tl possible and are widely
supported by both commercial and open
systems. MISP & TIPs: MISP is an established
open-source Threat Intelligence Platform used
for  ingestion/normalization/sharing;  many
enterprise integrations convert STIX/TAXII
feeds into internal event stores. However, TIPs
typically require analyst curation and do not
inherently score or fuse feeds with live
telemetry. he literature converges on several
open challenges that directly motivate ATIF-
Net: label scarcity for supervised online learners,
adversarial adaptation to learning mechanisms,
evaluation realism (gap between benchmark
datasets and live SOC data), and
privacy/regulatory ~ concerns  for  cross-
organization sharing. Recent work pushes hybrid
approaches (semi-supervised + active learning),
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federated learning for cross-tenant collaboration,
and robust/adversarial defenses for streaming
models. To reduce labeling burden, ATIF-Net
should combine unsupervised anomaly detectors

with occasional active sampling for analyst
confirmation; for cross-organization learning,
consider privacy-preserving federated
approaches as future work.

Table 2: Existing Contributions

L Limitation Relevance to
Author / Source || Focus Area Key Contribution |dentified ATIE-Net
Provides structured, . Forms the Tl
STIX/TAXII E':(rjﬁt ence machine-readable format Is_caocrl?; ac;ip(;tlve ingestion and
Standards, OASIS . g for Tl exchange; supports g normalization
Sharing . behavioral context.
automation. layer.
Enabl llaborati . .
Threat sh::rli)nes Zsrii?]?n::':lean q Requires high Useful for feed
MISP Project Intelligence g ’ analyst effort; non- |lingestion and 10C

Platform (TIP)

correlation of indicators
across organizations.

adaptive.

enrichment.

Gama et al., Introduces incremental _ . . .
. . . - Limited evaluation ||Basis for adaptive
Knowledge Concept Drift /||learning theories, sliding . . .
. . . ; on cybersecurity detection and drift
Discovery from Online ML windows, and drift-aware
data. management.
Data Streams models.
Formal algorithm for Sensitive 1o noise: Supports model
Bifet & Gavalda ||Drift adaptive windowing and mav triager false " |lupdating in
(ADWIN) Detection detecting distribution _y 99 dynamic threat
drift alarms.
changes. landscapes.
Anomaly Comprehenswe_ review of ||Classical n_weth(_)ds Guides design of
. anomaly detection struggle with high-
Chandola et al. Detection ) anomaly and
methods for various volume network .
Survey . behavior modules.
domains. streams.
. Signature- High-precision detection ||Ineffective for zero- ||Acts as signature
Suricata / Snort . s
DS Based of known threats; rule- day and evolving layer within the
Detection based matching. attacks. fusion engine.

3. METHODOLOGY

The proposed methodology follows a multi-layer
adaptive cybersecurity architecture designed to
detect, analyze, and mitigate evolving network
threats in real time. The process involves five
major phases: data acquisition, preprocessing,
adaptive threat intelligence fusion, anomaly
detection using hybrid deep learning, and
reinforcement learning—based automated
response.
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3.1 System Architecture:
0 Ingestion Layer
e Collects telemetry: NetFlow/IPFIX,
PCAP extracts, host logs (Windows
Event, syslog), EDR telemetry, cloud
audit logs, application logs, external Tl
feeds (MISP/ISAC/STIX).
e Queueing: Kafka or Pulsar for durable
streaming.
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[0 Normalization & Enrichment e SOAR integration executes playbooks
o Parsers convert to canonical schema (isolate host, block IP, raise ticket).
(common fields: src/dst IP, ports, user, o Circuit breaker for high-impact actions
process, hash, timestamp). (require human approval).
e Enrichment: GeolP, ASN, WHOIS, [0 Feedback & Learning Loop
reverse DNS, vulnerability correlation o Analyst feedback, confirmed incidents,
(CVE), file reputation, historical context and telemetry labeled from response
(user baseline). actions feed back to online learners for
O Threat Fusion & Contextual Correlation incremental updates.
e Merge indicators from multiple sources; 0 Audit & Explainability Module
link events into multi-stage stories e Logs decisions, actions, feature
(sessionization). attribution (SHAP/approx.), and policy
o Lightweight graph store (e.g., Neo4j or justifications for compliance.
graph DB abstractions) for relationship Adaptive Threat Scoring:
reasoning. Input: event e, enrichment E(e), asset risk
O Adaptive Detection Engine A(e.asset), external Tl list T(e)
e Streaming feature extractor — online Output: threat_score Sin [0,1]
models (ensemble of detectors). 1. features = extract_features(e, E(e))
e Components: 2. model_confidence =
o Rule/Signature Module: ensemble_predict_confidence(features)
legacy IDS rules. 3. ti_weight = aggregate_ti_score(T(e)) # based
o Anomaly Module: on feed trust & indicator severity
unsupervised (incremental 4. asset_weight = map_asset_risk(A(e.asset))
clustering, autoencoders). 5. decay = time_decay/(e.timestamp)
o Behavioral Module: supervised 6. S = normalize( wl*model_confidence +
online classifiers updated with w2*ti_weight + w3*asset_weight ) * decay
feedback. 7.return S
o Drift Detector: ADWIN/DDM 4, RESULTS AND DISCUSSION
monitoring model performance The performance of the proposed Adaptive
and trigger adaptation. Threat Intelligence Framework was evaluated
e Output: per-event threat score and using benchmark intrusion detection datasets
explanation tokens (features (CIC-IDS2018, UNSW-NB15, NSL-KDD) and
responsible). real-time simulated next-generation network
O Threat Scoring & Prioritization traffic. The results were analyzed across four
e Multi-factor scoring: model confidence, major categories: detection accuracy, false-
intelligence enrichment (external TI positive reduction, detection latency, and
severity), asset criticality, attack stage adaptability to evolving threat patterns.
mapping (MITRE ATT&CK). Comparative analyses with traditional IDS and
e Prioritization queue for human analysts machine learning-based systems were also
and automated playbooks. conducted.

0 Policy & Orchestration Engine
e Policy store defines safe automated
actions and approval workflows.
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Table 2: Comparative Analysis with Existing Systems

Metric Traditional IDS || ML-Based IDS || Proposed Framework
Accuracy 89.6% 94.3% 98.4%
FPR 7.8% 4.3% 1.6%
Zero-Day Detection  |[55.2% 74.1% 92.3%
Response Efficiency ||61% 78% 95.4%

Table 3: Dataset for Threat Intelligence Framework

Dataset Accuracy (%) || Precision (%) || Recall (%) || F1-Score (%0)
CIC-IDS2018 |98.4 98.1 97.8 97.9
UNSW-NB15 |96.9 96.4 95.7 96.0
NSL-KDD 97.5 97.2 96.8 96.9

100}

5. CONCLUSION

Simutation Results Comparison Across Metrics

g
,‘_d

Metncs

Figurel: Simulation Result Graph for Threat Intelligence Framework

This work introduced a Novel Adaptive Threat
Intelligence Framework (ATIF-Net) designed to
meet the evolving security challenges of next-
generation networks. The framework integrates
multi-source  threat intelligence, real-time
behavioural analytics, and online machine
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learning to deliver a security system that is both

proactive and continuously adaptive. By
combining  structured threat intelligence
(STIXITAXI), contextual enrichment,

streaming-based anomaly detection, and policy-
driven automated response, ATIF-Net enhances
an organization’s ability to detect advanced
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threats, reduce false positives, and respond with
precision and speed. The adaptive learning
components ensure resilience against concept
drift, enabling the system to adjust as attacker
tactics evolve. The fusion-driven scoring
mechanism provides a deeper contextual
understanding of events, improving
prioritization and analyst decision-making.
Experimental results and case studies
demonstrate improvements in early detection,
reduced alert fatigue, and faster incident
handling when compared with static IDS/IPS
and traditional TI-based systems. Overall, ATIF-
Net offers a scalable, interoperable, and
operationally practical blueprint for modern
enterprises  aiming to  strengthen  their
cybersecurity posture. It supports hybrid cloud—
edge deployments, integrates with existing SOC
workflows, and ensures accountability through
explain  ability and auditability. Future
enhancements in federated learning, adversarial
robustness, and automated causal analysis can
further elevate ATIF-Net into a next-generation
autonomous defense system..
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