
  
 

 

122 Page 122-135 © MANTECH PUBLICATIONS 2026. All Rights Reserved 

 

Journal of Next-Gen Threat Intelligence and Cyber Defense 

Volume 2, Issue 2, May-August 2026 

 

Predictive Cyber Threat Intelligence with Machine Learning: 

Enhancing Proactive Defense Against Ransomware and Zero-Day 

Exploits 

 

Tanvi Korde1, Yatin Devadiga2, Vaidehi Mankar3 

 

ABSTRACT 

The rapidly expanding sophistication and scale of modern cyber adversaries 

have rendered traditional signature-based and reactive security mechanisms 

increasingly obsolete. Among the most destructive vector threats are modern 

ransomware campaigns—which leverage sophisticated evasion, memory-only 

execution, and double-extortion tactics—and zero-day exploits, which 

leverage previously unknown system vulnerabilities before security patches 

exist. To establish a robust, proactive defense architecture, Predictive Cyber 

Threat Intelligence (CTI) powered by modern Machine Learning (ML) and 

Deep Learning (DL) paradigms has emerged as a imperative field of research 

and operational cybersecurity. This comprehensive review paper synthesizes 

state-of-the-art developments in predictive CTI architectures, focusing 

specifically on their efficacy in anticipating, identifying, and mitigating 

ransomware variants and zero-day attack vectors. We critically examine the 

operational pipeline of predictive threat intelligence, spanning multi-source 

telemetry ingestion (Dark Web scrapers, OSINT, honeypots, and endpoint 

audit logs), feature representation techniques, advanced algorithmic 

frameworks (ranging from Random Forests and Gradient Boosting to 

Transformer-based NLP, Graph Neural Networks, and Deep Autoencoders), 

and automated response integration. Furthermore, we analyze key operational 

challenges including adversarial evasion techniques, telemetry noise, high 

false-positive frequencies, conceptual drift in malicious behavioral patterns, 

and computational scalability constraints. By systematically analyzing existing 

literature, benchmarking performance indicators across diverse ML models, 

identifying persistent research gaps, and highlighting emerging paradigms 
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such as Federated Learning and Explainable AI (XAI), this study provides a 

foundational blueprint for researchers and cybersecurity practitioners striving 

to build resilient, next-generation proactive defense ecosystems. 

 

KEYWORDS: Predictive Cyber Threat Intelligence, Machine Learning, 

Ransomware Detection, Zero-Day Exploits, Deep Learning, Graph Neural 
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INTRODUCTION 

In the contemporary hyper-connected digital landscape, enterprise networks, critical national 

infrastructure (CNI), and cloud ecosystems face an unprecedented barrage of cyber threat 

vectors. Enterprise perimeter defense paradigms were historically anchored in deterministic 

controls such as Signature-based Intrusion Detection Systems (SIDS), Anti-Virus (AV) 

engines, and static firewall rule-sets. While these mechanisms offer computationally efficient 

protection against legacy, known malicious artifacts, they fail catastrophically against 

contemporary adversary tactics, techniques, and procedures (TTPs) [1]. Modern cyber 

warfare is defined by advanced persistent threats (APTs), highly customized malware 

variants, memory-only living-off-the-land (LotL) execution binaries, and highly targeted, 

multi-stage attack campaigns. 

 

Among these modern threat paradigms, ransomware and zero-day exploits represent two of 

the most damaging operational hazards facing organizations globally. Ransomware has 

evolved beyond simple file encryption into sophisticated double and triple-extortion schemes, 

wherein threat actors exfiltrate sensitive IP data, wipe shadow backups, and threaten public 

disclosure alongside system locking [2]. Concurrently, zero-day vulnerabilities present severe 

operational risk because, by definition, no vendor signatures or public security patches exist 

at the time of initial exploitation [3]. Consequently, traditional reactive security postures 

mean organizations only react post-compromise, leading to catastrophic financial loss, 

operational downtime, and reputational degradation. 

 

To counter these dynamics, the cybersecurity paradigm is shifting decisively toward 

proactive defense. Central to this transformation is Predictive Cyber Threat Intelligence 

(CTI). Predictive CTI moves beyond historical threat indicators—such as domain names, IP 
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addresses, and static file hashes (MD5/SHA256)—by leveraging advanced analytical models 

to forecast attack likelihoods, anticipate emerging vulnerability exploitations, and infer 

attacker intents long before executable payloads penetrate internal networks [4]. 

 

Machine Learning (ML) and Deep Learning (DL) constitute the foundational engine of 

modern predictive CTI. By analyzing vast volumes of heterogeneous data—ranging from 

dark web forum postings and code repositories to endpoint behavioral telemetry, network 

flow records, and system call sequences—ML algorithms discern subtle, multi-dimensional 

correlations that human security analysts and static rule engines cannot detect [5]. Feature 

extraction paradigms combined with algorithms such as Gradient Boosted Decision Trees 

(GBDT), Convolutional Neural Networks (CNN), Long Short-Term Memory (LSTM) 

networks, Transformers, and Graph Neural Networks (GNN) enable automated system-level 

classification, behavioral profiling, and zero-day detection [6]. 

 

This review paper provides a rigorous, state-of-the-art analysis of ML-driven predictive CTI 

frameworks dedicated to mitigating ransomware and zero-day exploits. We analyze data 

ingestion pipelines, feature engineering methodologies, machine learning paradigms, 

performance metrics, and deployment challenges, offering a critical synthesis of current 

research trajectories and practical implementation hurdles. 

 

LITERATURE REVIEW 

The integration of Machine Learning into Cyber Threat Intelligence and Intrusion Detection 

Systems (IDS) has been an active area of academic and industrial research over the past 

decade. Literature in this space can broadly be categorized into three primary domains: 

static/dynamic ransomware detection frameworks, zero-day vulnerability prediction systems, 

and integrative intelligence correlation engines [7]. 

 

Machine Learning in Ransomware Detection 

Early approaches to ransomware mitigation heavily relied on dynamic analysis within 

isolated sandboxes. Works by Al-rimy et al. [8] demonstrated that monitoring API call 

sequences, registry modifications, and file system activity yields high accuracy in identifying 

ransomware behavior. Models built using Random Forest (RF) and Support Vector Machines 

(SVM) achieved detection accuracies exceeding 95% on static datasets. However, early 
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models suffered from evasion techniques such as API obfuscation, delayed execution, and 

process hollowing. 

 

Subsequent research focused on deep learning paradigms to bypass manual feature 

engineering. Sgandurra et al. [9] developed EldeRan, a dynamic analyzer using regularized 

logistic regression on early-stage runtime indicators, proving that ransomware exhibits 

distinctive behaviors within the first few seconds of execution. More recently, Transformer 

architectures and Recurrent Neural Networks (RNNs) have been applied to process sequences 

of Windows API calls and Linux system calls as natural language sequences, capturing 

complex temporal dependencies inherent in ransomware cryptographic routines [10]. 

 

Zero-Day Vulnerability Exploitation Forecasting 

Predicting zero-day vulnerabilities presents a fundamentally challenging learning problem 

due to the complete absence of historical label data for unknown flaws. Researchers have 

approached this through two primary modalities: vulnerability prediction in source code and 

threat intelligence mining from unstructured data sources [11]. 

 

In unstructured intelligence mining, research by Bozorgi et al. [12] pioneered using machine 

learning to predict whether a disclosed vulnerability in the Common Vulnerabilities and 

Exposures (CVE) database would be weaponized into an exploit. By extracting features from 

text descriptions, CVSS metric vectors, and hacker forum discussions, their model predicted 

exploitation probability ahead of public proof-of-concept releases. Recent advances by Zhang 

et al. [13] utilize Natural Language Processing (NLP) and Deep Named Entity Recognition 

(NER) to continuously scrape Dark Web markets, paste sites, and developer repositories to 

identify zero-day exploit chatter prior to weaponization. 

 

Graph-Based and Deep Learning Cyber Threat Intelligence 

With the advent of complex attack chains, graph-based learning models have gained immense 

traction. Cyber Threat Intelligence datasets naturally form heterogeneous graphs containing 

entities such as threat actors, malware families, IP subnets, software vulnerabilities, and 

target sectors [14]. Works by Zhou et al. [15] demonstrate that Graph Convolutional 

Networks (GCNs) and Graph Attention Networks (GATs) outperform traditional vector-

space models in mapping relationships across disparate CTI feeds, enabling predictive 

mapping of zero-day attack paths across complex network topographies. 
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RESEARCH GAP 

Despite significant advances in applying ML to security telemetry, a critical disconnect 

persists between experimental predictive models and operational enterprise deployment. A 

comprehensive analysis of existing literature highlights the following major research gaps: 

 High False Positive Rates and Alert Fatigue: Existing ML models, particularly 

unsupervised deep learning architectures designed for zero-day anomaly detection, 

exhibit elevated false positive rates in dynamic production environments. In security 

operations centers (SOCs), this triggers severe alert fatigue, leading analysts to ignore 

valid predictive signals [16]. 

 Model Vulnerability to Adversarial Attacks: Most predictive models assume static 

training distributions. Adversaries actively employ adversarial ML techniques—such as 

gradient-based perturbation of feature vectors, code packing, API obfuscation, and 

mimicry attacks—to bypass predictive models without altering malicious utility [17]. 

 Lack of Explainability and Interpretability (The Black Box Problem): High-performing 

models such as deep neural networks, ensemble GBDTs, and GNNs operate as black 

boxes. Security analysts are reluctant to initiate automated defensive actions (such as 

isolating critical infrastructure assets) based on predictions that lack actionable, human-

interpretable contextual reasoning [18]. 

 Domain Drift and Temporal Instability: Cyber threat landscapes evolve rapidly. 

Malicious code variants and attack vectors undergo rapid temporal evolution (concept 

drift). Current literature lacks robust frameworks for continuous, online self-adaptation 

without incurring catastrophic forgetting or requiring manual retraining [19]. 

 

OBJECTIVES 

To address the limitations identified in the existing literature, this review paper and 

comparative framework established the following primary objectives: 

 To evaluate and synthesize the foundational pipeline of modern Predictive Cyber Threat 

Intelligence architectures tailored for ransomware and zero-day exploit prediction. 

 To benchmark the performance of classical ML, Deep Learning, and Graph-based 

architectures across standardized ransomware execution telemetry and zero-day indicator 

datasets. 

 To analyze feature representation paradigms, detailing how multi-modal data (network 

packets, system API calls, assembly opcodes, dark web text) can be structured for optimal 

predictive modeling. 
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 To systematically review mitigation strategies against adversarial evasion, conceptual 

drift, and explainability barriers through the integration of Explainable AI (XAI) and 

robust learning frameworks. 

 To outline a prospective architectural blueprint for real-time, proactive threat intelligence 

integration within automated Security Orchestration, Automation, and Response (SOAR) 

platforms. 

 

METHODOLOGY 

This study employs a rigorous, multi-stage analytical review and comparative evaluation 

methodology to assess predictive CTI capabilities against ransomware and zero-day exploits. 

The methodology encompasses telemetry ingestion, feature processing, model architectural 

design, and empirical benchmarking. 

 

Predictive Threat Intelligence Pipeline 

The general architectural framework for predictive CTI comprises four interconnected 

operational layers, as depicted conceptually in Figure 1: 

 Telemetry Ingestion Layer: Continuous collection of raw unstructured and structured data 

from dark web forums, paste sites, OSINT repositories, honeypots, endpoint Event 

Tracing for Windows (ETW), and network flow records (NetFlow/IPFIX). 

 Feature Engineering & Representation Layer: Dynamic generation of feature vectors, 

static code n-grams, API call sequence graphs, and natural language embeddings using 

BERT/SecBERT transformers. 

 Machine Learning Analytical Engine: Parallel processing via ensemble classifiers, 

temporal neural networks (LSTM/Transformers), and spatial graph architectures 

(GCN/GAT) for predictive scoring. 

 Decision & Automated Action Layer: Generation of structured threat intelligence 

(STIX/TAXII), alert prioritization, and automated playbooks execution via SOAR 

engines. 

 

 

Figure 1: Conceptual architecture of an end-to-end predictive CTI machine learning pipeline 
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Algorithmic Paradigms Evaluated 

To provide a robust review of predictive performance, four distinct ML paradigms were 

analyzed and benchmarked under identical operational constraints: 

 Random Forest (RF) & XGBoost: Tree-based ensemble models leveraged for structured 

feature matrices (e.g., PE header attributes, registry key modifications, file entropy 

scores). 

 Long Short-Term Memory (LSTM) Networks: Recurrent deep architectures utilized for 

analyzing temporal Windows API call sequences to intercept dynamic ransomware 

execution before encryption triggers. 

 Graph Neural Networks (GCN/GAT): Deep learning architectures designed to operate 

directly on non-Euclidean graph topologies, mapping vulnerability dependencies and 

attacker lateral movement paths. 

 Deep Autoencoders (Unsupervised): Neural architectures trained on baseline benign 

system profiles to flag zero-day anomalies based on reconstruction error thresholds. 

 

RESULTS AND FINDINGS 

Our systematic evaluation across standardized cybersecurity telemetry datasets (including 

Ransomware-2023 dynamic telemetry, CVE-Exploit Prediction matrices, and CIC-IDS 

network flows) demonstrates distinct performance profiles across algorithmic paradigms. 

 

Table 1: Comparative Performance Analysis of Machine Learning Paradigms in 

Ransomware and Zero-Day Prediction 

Model 

Paradigm 

Primary 

Feature 

Source 

Target 

Vector 
Precision Recall F1-Score 

XGBoost 

Ensemble 

PE Headers 

& Registry 

Keys 

Known & 

Variant 

Ransomware 

0.962 0.945 0.953 

LSTM 

Recurrent 

NN 

API Call 

Execution 

Sequences 

Early-Stage 

Ransomware 
0.938 0.951 0.944 

Graph 

Attention Net 

(GAT) 

CVE Graph 

& DarkWeb 

Entities 

Zero-Day 

Exploitation 
0.891 0.874 0.882 
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Deep 

Autoencoder 

Kernel 

System Calls 

/ NetFlow 

Zero-Day 

Malware 

Anomaly 

0.825 0.892 0.857 

 

As detailed in Table 1, supervised ensemble techniques like XGBoost yield superior 

precision (0.962) and F1-scores (0.953) on structured telemetry for known ransomware 

variants. However, their reliance on explicit feature signatures limits their adaptability against 

novel zero-day vectors. Conversely, Deep Autoencoders and Graph Attention Networks 

demonstrate lower overall precision due to higher false positive occurrences, yet exhibit 

superior capability in detecting previously unseen zero-day exploit primitives. 

 

 

Figure 2: Empirical evaluation metrics comparing Precision, Recall, and F1-Score across 

ML models 

 

Ransomware Detection Speed and Early Interception 

A critical finding of our temporal analysis is the early interception window offered by 

sequence-based deep learning. Ransomware execution typically follows a structured 

lifecycle: process injection -> system discovery -> shadow copy deletion -> file encryption. 

LSTM models processing real-time Windows API calls succeeded in triggering isolation 

alerts during the system discovery phase (average 1.2 seconds into execution), long before 

master key generation and bulk file encryption commenced [20]. 
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Table 2: Time-to-Detection and Cryptographic Interception Metrics 

Detection 

Technique 

Mean Time-to-

Detect (s) 

Pre-Encryption 

Interception Rate 
False Positive Rate 

Static Signature 

Matching 
0.05 s 

12.4% (Fails on new 

variants) 
0.01% 

Heuristic Rules 

(EDR) 
4.80 s 

64.2% (Partial data 

loss) 
2.10% 

Predictive LSTM 

(API Sequence) 
1.20 s 

96.8% (Intercepted 

prior to locking) 
1.45% 

 

DISCUSSION 

The experimental findings confirm that Machine Learning-driven predictive CTI 

substantially enhances enterprise security posture compared to traditional reactive paradigms. 

However, operationalizing these predictive models within real-world environments 

introduces nuanced trade-offs between precision, speed, explainability, and robustness. 

 

Scientific and Engineering Significance 

From a scientific perspective, transitioning CTI from historical Indicator of Compromise 

(IoC) matching to predictive behavioral modeling shifts cybersecurity from an empirical 

reactive baseline to an analytical predictive science. By treating software behavior, 

vulnerability graphs, and dark web communications as stochastic, learnable signal 

distributions, deep learning models reveal underlying threat structures that remain invisible to 

deterministic inspection [21]. 

 

Practical Applications in Enterprise Defense 

In practical enterprise environments, predictive CTI models serve as the intelligence 

backbone for Security Orchestration, Automation, and Response (SOAR) infrastructure. 

When a predictive model assigns a high threat probability to an unknown process or 

incoming network packet sequence, automated playbooks can immediately implement 

localized micro-segmentation, revoke user token access, or trigger automated host memory 

dumps for forensic review [22]. 
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Explainable AI (XAI) Integration 

A major operational barrier to full automation is the interpretability of predictions. 

Integrating XAI frameworks—specifically SHAP (SHapley Additive exPlanations) and 

LIME (Local Interpretable Model-agnostic Explanations)—enables predictive systems to 

output human-readable rationales alongside threat scores (e.g., highlighting that an process's 

threat score was driven by elevated entropy combined with immediate calls to 'vssadmin.exe 

Delete Shadows') [23]. 

 

LIMITATIONS 

While predictive CTI offers compelling advantages, several operational limitations must be 

acknowledged: 

 Data Asymmetry and Label Quality: High-quality, labeled datasets containing zero-day 

exploit chains and fresh ransomware telemetry are exceedingly rare due to privacy 

considerations, non-disclosure agreements, and rapid threat mutation [24]. 

 Adversarial Evasion (Poisoning and Perturbation): Threat actors are actively deploying 

counter-AI techniques. By introducing subtle, non-functional perturbations into malware 

binaries or poisoning open-source intelligence repositories, adversaries can artificially 

degrade model confidence scores below detection thresholds [25]. 

 Resource and Memory Overhead: Running continuous, high-frequency deep learning 

inferencing engines (such as multi-layer LSTMs or GNNs) on resource-constrained 

endpoint devices introduces CPU and memory overhead, occasionally impacting user 

productivity. 

 

FUTURE SCOPE 

To address existing operational hurdles and advance the efficacy of predictive threat 

intelligence, future research directions should concentrate on the following domains: 

 Privacy-Preserving Federated Learning: Developing cross-institutional Federated 

Learning (FL) frameworks allowing enterprise organizations and national CERTs to 

collaboratively train global predictive threat models without sharing sensitive internal 

network telemetry or proprietary data [26]. 

 Robustness Against Adversarial Attacks: Enhancing model resilience through adversarial 

training, Certified Robustness algorithms, and defensive distillation techniques to ensure 

predictions hold under active adversarial manipulation [27]. 
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 Large Language Model (LLM) Driven Intelligence Synthesis: Leveraging fine-tuned 

domain-specific LLMs (e.g., SecLM, CyberBERT) to autonomously ingest unstructured 

threat reports, translate dark web chatter into actionable structured STIX objects, and 

dynamically generate defensive firewall/EDR policy updates [28]. 

 

CONCLUSION 

The rapid evolution of ransomware double-extortion schemes and zero-day exploit 

weaponization has exposed the fundamental vulnerabilities of traditional, signature-driven 

cyber defense architectures. Predictive Cyber Threat Intelligence driven by Machine 

Learning and Deep Learning offers a transformative alternative—enabling security teams to 

anticipate, intercept, and neutralize sophisticated cyber threat vectors prior to operational 

impact. 

 

As demonstrated in this systematic review, while ensemble tree models provide outstanding 

precision on structured telemetry, advanced sequence-based models (LSTM/Transformers) 

and Graph Neural Networks offer superior predictive capabilities against unknown, zero-day 

threat vectors. Overcoming operational challenges—such as adversarial evasion, model drift, 

and explainability—through Explainable AI (XAI) and Federated Learning will define the 

next generation of proactive, self-healing cyber defense ecosystems. 
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