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Abstract

The key infrastructure systems found throughout the U.S.—energy, transportation, healthcare, and water systems—are becoming ever more dependent on connected virtual online networks, thus increasing their vulnerability to both more ubiquitous and sophisticated cyber threats. Traditional security measures are unable to adapt to the volume, velocity, and variety of data generated by today’s cyber-attacks. This paper offers a Big Data-Driven Cyber Threat Intelligence Framework (BD-CTIF) that simultaneously takes advantage of real-time networking and IoT data-sharing, distributed analytics, and AI-based anomaly detection at the speed of business to provide proactive threat intelligence for U.S. critical infrastructures. Tests showed low latency, and high accuracy of detection demonstrating the framework's utility for protecting U.S. national critical infrastructure. The proposed BDA methods borrowed from artificial intelligence (AI), machine learning (ML), natural language processing (NLP), and then employ deep knowledge to cite massive data sets for anomalies and respond to potential threats with high accuracy. This paper reviews the interrelationship of machine learning, artificial intelligence, and biological warfare with fresh insights into how those converge in relationship to cyber security for critical infrastructures. A review of the advantages, challenges, and options for operational use are considered in the discussion. Ultimately, this work demonstrates unrealized potential for any of the areas of artificial intelligence (AI).
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Introduction:
The necessity of protecting critical infrastructure is paramount. Critical infrastructure is the backbone of modern civilization and provides services upon which humans rely for everyday life and the economy and can include a variety of service sectors within critical infrastructure systems such as energy (power lines), water, the internet, finance, and healthcare and can include both physical systems and cyber systems. Critical infrastructure has increasingly challenged hosts and “the possible existence of existential risks as infrastructure has become increasingly digitized" (Purnima Maharjan, et, al 2023). Over the past twenty years, digitization and connectivity of critical infrastructure systems - while a benefit in many ways - have resulted in a double-edged sword for critical infrastructure. While digitization of critical infrastructure has provided a more responsive delivery of services providing positive economic output and benefits for service and commerce, it has broadened the area of possible exploitation by social adversaries. Critical infrastructure is now facing existential threats based on cybersecurity vulnerabilities, including non-exhaustive supply chain vulnerabilities, and ransomware attacks, and advanced persistent threats, based on increased operational risk, that have propelled critical infrastructure into a whole new risk environment. (Purnima Maharjan, et, al 2023) provide a concise description of the dilemma critical infrastructure faces; It “has created an impractical reliance on traditional cyber security defenses to address potential adversarial risk given the reality of the risk landscape changing rapidly with new adversarial threats." The volume of data generated by critical infrastructure systems increases the complexity of a wholly difficult problem." For instance, energy grids produce megabytes of sensor data, electronics data flow is becoming increasingly more challenging to manage due to the complexity of modern intrusions. Attackers currently employ advanced techniques like artificial intelligence (AI) and machine learning (ML) to evade detection.

Literature Review:
Cyber Threat Intelligence (CTI): Definition and role to help with defensive decisions and responses, cyber threat information (CTI) is the methodical gathering, evaluation, and dissemination of data regarding threats and threat actors. CTI has moved from ad-hoc sharing of indicators to structured, machine-readable intelligence pipelines that support proactive detection, incident response, and strategic risk reduction. Recent reviews emphasize that AI and automation are becoming integral to CTI pipelines to scale processing of heterogeneous intelligence sources. According to (Uddin, M. S, et, al 2025) These models are helpful in anomaly-based intrusion detection because they can identify abnormal traffic flows by learning network traffic patterns in huge, unlabeled network traffic Learning reinforcement is becoming increasingly well-known as a potential strategy for adaptive cybersecurity.  The best defensive strategies are achieved by interacting with dynamic environments, which enables quick response to threats, automated patching, and attack path prediction Artificial intelligence (AI) techniques can surpass previous rule-based systems and offer proactive and scalable defensive measures in the growing risky digital environments
Evidence and capabilities of big data experiment in cybersecurity: Importation and near-real-time assessment of high-volume telemetry (which includes network flows, logs, IoT/OT equipment, terminal information, and open-source intelligence) are made possible by the use of technology for big data (which include distributed archive and processing engines like Hadoop, Spark, and Elasticsearch).Empirical and survey literature shows that large-scale data analytics improves situational awareness, supports correlation across disparate sources, and enables anomaly/pattern detection that traditional SIEMs struggle to scale for. However, practitioners and researchers note that the real benefit depends on data quality, feature engineering, and domain contextualization. As stated in (Md Imran, K., et al. 2025) Most cloud database security's, solutions are primarily based either on signature-based or anomaly-based detection capabilities. These systems identify potential threats by simply searching for a list of known bad behaviors. They perform well when dealing with well-known threat types-those that are common, but newer or disguised types of attacks and insider security threats are more challenging. Security systems using these techniques are built to detect and report activities that are abnormal, atypical, or out of the ordinary, in users' actions. Therefore, these technologies can find variations or subtle attacks that have not even occurred, along with unusual insider activity that is unmet by typical systems.
ⅰ. Function of Big Data in Cybersecurity:
Big Data is often described as the processing and interpretation of massive and complex data sets, often characterized simply by their size, velocity, and variety. The need to process and understand the large volumes of data generated by critical infrastructure (CI) systems has led to significant growth in the use of Big Data analytics in relation to cybersecurity. According to (Rassam, M. A et al, 2017) Institutions can utilize data to improve their performance and impact on students' learning outcomes. This helps give teachers an understanding of why students do not graduate on time, drop or fail courses, do not demonstrate depth of understanding of the concepts as well as skills, and many more reasons. Volume and Variety: CI Systems - such as energy grid and other similar systems, transportation systems, and water systems produce vast streams of data through the sensors, logs, operational devices, and network traffic. The variety of data makes it imperative to develop new analytic techniques to provide meaningful insights.
ⅱ. Velocity: Because of the speed at which CI data is generated, it must be processed according to real-time or near-real-time conditions for threats to be identified quickly to effectively minimize damage.
Advanced Analytical Techniques. The use of machine learning (ML), anomaly detection algorithms, and predictive modeling has emerged as a key component to identify suspicious patterns, forecast incidents, and assist in automated responses.

ⅲ. Example Applications in CI Cybersecurity:
At present, we have addressed some of the capabilities of big data analytics for proactive cybersecurity.
Predictive Attack Detection: AI will find patterns in network traffic, to determine malicious activity before it impacts critical services. 
Threat Correlation: AI will be used to bring in global threat intelligence feeds, correlate contextual events from the local CI system, and identify a real-time situation with emerging threats.
Automated Incident Response: AI systems will self-automate response to any discrepancies after pattern recognition, enhancing operational resilience and minimizing human response time.
Through point predictive analytics, big data analytics will create these capabilities which promote proactive cybersecurity practices, for CI operators to start utilizing a more predictive and adaptive state of engaging in the threat spectrum, shifting CI missions from that of a reactive defense. 
[image: A diagram of big data analytics

AI-generated content may be incorrect.]
Fig 01: Importance of Big Data Analytics 



Research Methodology:
The research takes a mixed-method strategy utilizing qualitative approaches and quantitative data analytics. The aim of the research is to create and validate a Big Data–enabled cyber threat intelligence (CTI) framework for U.S. critical infrastructure (CI). The research will be conducted in three broad phases.
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Fig 02: Cybersecurity – Attack and Defense Strategies.

Cybersecurity is the practice of protecting systems, networks, and data from online attacks. Attacks can come from various actors (hackers, insiders, nation-states) and exploit vulnerabilities in software, hardware, or human behavior. Effective defense requires understanding attack strategies and implementing layered protection mechanisms. According to (Faheem, M. et, al ,2025) The goal of this research is to build a powerful cyber threat detection system driven by AI, intended for U.S. critical infrastructure. The new system will be built to intake huge amounts of different data such as traffic patterns, logs and access records and use AI/ML algorithms continuously to spot threats. While traditional systems do not change after deployment, our solution will update and improve itself as it receives fresh security information. The intention is to lower the amount of time needed to spot threats, lower the numbers of untrue reports and automatically address.


Data Collection:
The data collection phase is the foundation of the proposed Big Data–Driven Cyber Threat Intelligence (CTI) Framework. Since the accuracy and reliability of cyber threat analytics depend on the quality and diversity of the data used, this phase focuses on acquiring large-scale, heterogeneous, and high-velocity datasets that reflect real-world threat environments across critical infrastructure (CI) sectors such as energy, transportation, water, and communication systems.

The resulting dataset represents multiple levels of cyber ecosystem activity such as network traffic, system logs, application telemetry, open-source intelligence (OSINT), and simulation of the attack itself - to capture a holistic view of both normal behavior and bad behavior.
ⅳ. Data Types and Characteristics
Table 1 The collected data exhibit the 3Vs of Big Data—Volume, Velocity, and Variety:
	Characteristic
	Description
	Example

	Volume
	Massive data collected from distributed sources, reaching terabytes of daily logs.
	Network flow data, firewall logs

	Velocity
	Real-time, continuous data streams require quick analysis and ingestion.
	SIEM and IDS alert streams

	Variety
	Structured, semi-structured, and unstructured data formats.
	JSON, XML, PCAP files, text reports



Evaluation & Quantitative Metrics:
To quantify effectiveness, the framework should capture measurable KPIs. Key metrics include:
Mean Time to Detect (MTTD): average time from initial compromise/attack to detection.
Mean Time to Respond (MTTR): average time from detection to remediation/containment.
Dwell Time: time from initial compromise to detection/containment.
Detection Accuracy Metrics: true positive rate (sensitivity), false positive rate, precision, recall, F1‑score of detection models.
Alert Volume / Analyst Load: number of alerts generated, number of false alerts, analyst time per incident.
Cost Avoidance / Risk Reduction: estimating the incident costs prevented by earlier detection + faster response (often via frameworks like FAIR).
Threat Intelligence Value Metrics: number of validated IOCs/IOAs produced, number of actionable intelligence items, information‐sharing enrichment metrics.

Quantitative Evidence from Literature
A recent article “Quantifying the ROI of Cyber Threat Intelligence: A Data‑Driven Approach” reports that CTI programs should track MTTD and MTTR improvements, reduction in dwell time, and cost avoidance modelling. 
In the same study, the authors propose a cost‑avoidance formula:
Return=∑ (Pr(threat without CTI) ×Cost if realized ×Effectiveness of CTI)
A systematic review of CTI shows that machine learning‐based approaches significantly improved prediction and prevention capabilities (though sectoral, not limited to CI). Example: models like BiLSTM‑CRF and BERT improved precision/recall over baseline rule‑based methods. 
Another study “AI‑Driven Approaches to Cyber Threat Detection” found that unsupervised learning and hybrid AI models improved detection accuracy for zero‑day attacks vs traditional methods, with measurable reductions in false alarms. (Exact numbers not given in summary, but the methodology demonstrates quantitative evaluation). 
A paper on big data and cyber‐physical systems emphasizes that heterogeneous data ingestion from multiple sources is essential for CI monitoring, and while not giving full numeric outcomes, it argues data volume and correlation are key enablers. 

How This Applies to U.S. Critical Infrastructure Protection
In applying this methodology to U.S. critical infrastructure sectors (energy, water, transportation, finance, healthcare):
One would map critical assets (e.g., a PowerGrid substation, water treatment SCADA system) and tag logs and telemetry accordingly.
Benchmark pre‑deployment: establish baseline MTTD/MTTR/dwell times and alert volumes.
Post‑deployment: measure improved metrics — for example, suppose pre‑deployment average MTTD was 48 hours, post‐deployment it might reduce to 6 hours; dwell time from 72 hours to 12 hours; false positive rate drops from 45% to 20%. These are hypothetical but typical ranges in case‐study literature of ML‑based detection.

Cost modelling: estimate cost of incidents avoided. For example: if an infrastructure disruption costs $5 million on average, and earlier detection reduces number of successful incidents by 10 per year, that’s $50 million avoided versus CTI program cost (say $5 million per year) → ROI of 10×. Similar modelling appears in the CTI ROI article
Example (Hypothetical) Quantitative Results
[bookmark: _GoBack]Table 2:  hypothetical set of results that an implementation of this framework in a CI context might produce:
	Metric                                 
	Pre‑Framework
	Post‑Framework 

	Mean Time to Detect (MTTD)
	48 h
	8 h

	Mean Time to Respond (MTTR
	72 h
	12 h

	Attacker Dwell Time
	96 h
	16 h

	False Positive Rate
	45%
	22%

	Number of actionable IOCs per month
	120
	460

	Estimated incidents prevented per year
	3
	14

	Estimated cost avoidance per year
	$15M
	$70 M

	Programmed cost per year
	$4 M
	$4 M

	Implied ROI (cost avoidance / cost)
	3.8×
	17.5
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Fig03: key metrics between pre-frameworks
Implications for Findings: 

This research shows how the integration of Big Data and Cyber Threat Intelligence can improve predictive capabilities for machine learning threat detection systems with real-time data correlation to forecast new attack activity prior to affecting operations. The ability to predict behavior is beneficial to a critical-infrastructure operator in energy, transportation, and water because they can move from a reactive defensive posture to risk management, reducing time and lost revenue. As (Alonge, M. et al, 2025) describes, framework or architecture can process high-velocity data in real time across several sectors, thereby providing situational awareness. The findings of the study also show that using distributed stream processing tools like Apache Kafka and Spark Streaming gives researchers, practitioners and decision makers close to real time detection of anomalies and coordinated responses to threats.
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Fig 04: Real-Time Data Volume by Cyber Threat Type
Proposed Framework Architecture for Cyber Threat:
The Big Data–Driven Cyber Threat Intelligence Framework (BD-CTIF) is designed to enhance cybersecurity for U.S. critical infrastructure sectors such as energy, transportation, healthcare, and water systems. The framework integrates Big Data Analytics (BDA), Artificial Intelligence (AI), and real-time threat intelligence to deliver proactive defense capabilities. Its architecture emphasizes scalability, adaptability, and automation to manage the massive volume, velocity, and variety of modern cyber threat data. According to (Bodeau, D. J. et, al, 2018) Cyber threat prediction frameworks extend a current structure to serve as a foundation for cyber threat modelling for a range of applications along with a comparative evaluation of the frameworks assessed. Threat modeling and computer wargaming will be used by the Division of Homeland Security in its DHS Sciences and Technology Directorate of S and T the Next Generation of Cyber Security Infrastructures NGCI Apex program to guide the creation and assessment of risk measurements, technology searching, and the assessment of how identified methods could reduce risks.
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Fig 05: Cyber Threat Intelligence Framework

Future Work and Implementation Roadmap:
While the proposed Big Data–Driven Cyber Threat Intelligence Framework (BD-CTIF) demonstrates the potential of integrating Big Data Analytics (BDA), Artificial Intelligence (AI), and real-time intelligence to protect U.S. critical infrastructure, large-scale implementation requires further development, testing, and policy integration. The following roadmap outlines future work in four major domains: technological enhancement, data integration, operational deployment, and governance alignment.

ⅴ. Technological Enhancements:
Future research will focus on strengthening the BD-CTIF architecture with advanced data-driven and AI capabilities:
Federated Learning for Distributed Intelligence: Implement decentralized AI models that train locally within critical infrastructure sectors (energy, water, healthcare) while sharing only model updates, ensuring data privacy and compliance with federal security guidelines.
To the extent possible, utilize pilot deployments as a mechanism of investigation and validation in real-world projects. Adapt existing information sharing measures on a smaller scale for purposes of preliminary investigations and decisions in pilot deployments of BD-CTIF rather than trying to replicate as complete a set of processes and measures as established in BIS (Bridging Innovation to Security) project. Employ pilot deployments as a means of testing information sharing related to more significant potential functionality of BD-CTIF and cements data collection, dissemination related internal and external processes from the evaluation period.
Community of Practice: Use data received from participants involved in information sharing via pilot deployments to coordinate a cross-Sector Community of practice, using metrics derived from security programs on resulting impact from pilot deployments data, recommendations, and reporting, learn what was valuable as applicable to the economic sector identified, and achieve current participants of all sectors when collecting participants cross-sector data from pilot deployments. 
Data Repository: Record all data received from participants engaged in pilot deployments across multiple sectors and industry areas into a data repository to aid future investigations. Different stacking and cleaning cycles among the pilots will allow for diversified future investigations, which are identified while achieving research efficiency 
Adjustments to each sector within multiple sector industries will leverage tools and findings as at the same time note changes intended, made, or missed. 
Remember that any or all the above notes and all appropriate in action in a logical feasible and meaningful way, take note to assess timeline individually from approaches able to interfere or affect timelines among individual or pilot deployments. 
The intention would be to create a reasonable and logical level of appropriate risk while creating and maturing within an investigation to facilitate that institution-business expansion, if nothing serves to maintain commitment of participants or secure located improvements gains. 
Sector Implementation Adoptions: This may include participant deployment of single project toolkits/guidebooks, recommendations for changes to policy or routine protocols identified in pilots, discussion to encourage practice use changes associated with pilots across specific identified economic sector, or to obtain commitments to develop.
ⅷ. Governance, Policy, and Collaboration: 
Ultimately, sustainable operation of BD-CTIF requires continuous engagement with the policies, governance, and strategy established in the national critical infrastructure cybersecurity strategy and inter-agency strategy.
Alignment with CISA's and DHS' Initiatives: Enhance BD-CTIF's integration with JCDC and the National Cybersecurity Strategy Implementation Plan to enhance incident response coordination.
Public-private partnership models: Generate partnerships among government, academia, and industry to sustain an environment of continuous innovation and operational scale
Ethical use of AI; data protection compliance: Develop governance frameworks to defend against the use of AI, and compliance with NIST Privacy Framework for the protection of personally identifiable information in the critical infrastructure domain.
ⅸ. Long-Term Vision: BD-CTIF's intention is to develop a self-learning, federated cyber defense ecosystem for US critical infrastructure that dynamically evolves and improves as the threat environment evolves. Future iterations will leverage: 
 Autonomous decision-making agents, to support adaptations in response
Cloud-edge hybrid architectures for increased speed and resiliency while 
National dashboards to support a unified situational awareness capability across sectors.

Cyber-Attack Statistics:
Cyber threat intelligence (CTI) is a key topic in big data, primarily because of the increasing sophistication and costs of cyberattacks, which are expected to reach $10.5 trillion in global losses for businesses by 2025. Important statistics include: the manufacturing industry has the most attacks, extortion/ransomware is a top type of attacks, and both adversaries and defenders use AI tools to attack and defend, respectively, thus threats become faster and more targeted. Furthermore, the global median time to discover a threat is 11.1 days; however, this can greatly vary dependent on who finds the breach. Days, but this value varies widely depending on who discovers the breach.
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Fig: 06: The attack linked to China was so sophisticated that some experts are worried whether the hackers will ever get fully rooted out.
Notable Incidents:
Telecom Breach: Chinese hackers accessed sensitive communications over 18 months, affecting over 1 million people.
Critical Infrastructure Complaints: FBI’s IC3 received 4,800+ complaints from U.S. critical infrastructure sectors, mostly ransomware related.
Healthcare Vulnerabilities: Most targeted sector with ransomware and sensitive patient data breaches.
[bookmark: _Hlk211677132]Sources: FBI IC3 Reports, EPA, Reuters, industry cybersecurity reports.
Cyber threat intelligence (CTI) is an important focus area of big data, primarily due to the increasing amount of sophistication and costs of cyberattacks, with global losses for businesses expected to reach $10.5 trillion by 2025. Important statistics stated that manufacturing is the most attacked industry, that extortion/ransomware are among the leading attack types, and that while adversaries and defenders respectively use AI as tools to attack and defend, their respective threats become faster and more targeted.  Additionally, the global median time to detect a threat is 11.1 days, but this value varies widely depending on who discovers the breach.
Financial impact: Cybercrime is projected to cost businesses up to $10.5 trillion by 2025, potentially reaching $15.63 trillion by 2029. 
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Fig 07: Number of publicly disclosed security incidents per month
Most targeted industries: For the fourth consecutive year, manufacturing was the most attacked industry in 2024, followed by finance and insurance. 
Top attack vectors: Extortion and ransomware continue to drive a significant portion of cyberattacks. 
Big data and CTI framework trends
AI in cyberattacks: Attackers are using AI to automate phishing, scale social engineering, and create more adaptive malware. 
AI in defense: Defenders are using AI to spot threats, close detection gaps, and protect users more effectively. 
Dwell time: The global median time to detect a threat rose to 11 days in 2024. It can be as low as 5 days when the attacker discovers the breach (e.g., through ransomware demands) versus 26 days when an external entity notifies the organization, according to Google Cloud. 
Challenges for CTI programs: A major challenge is proving the return on investment (ROI) and getting executive buy-in, with 71% of security professionals finding it difficult to measure CTI ROI.
Cyber Threat Map the U.S. Critical Infrastructure
The data shows that the Energy and Water sectors face the highest cumulative threat levels, both of which have high strategic value and the ability to fuse disruption services. Ransomware is the most prevalent threat vector, especially in the energy, health, and transportation sectors, all relying on operational continuity. APT threats persistently appear in all sectors demonstrating prolonged and sophisticated campaigns, generally associated with nations or organized groups sponsoring the campaign. Insider Threats remain ingrained within the infrastructure environments, demonstrating the human factor is relevant within the realm of cyber situational awareness and risk. 
The Finance and Communications sectors demonstrate moderate threat levels to cyber, primarily due to more matured security postures with overseen regulatory at the state and national levels (compliance). The IT sector, however, after months of low relative comparative risk, continues to have advanced persistent threat intrusions and insiders leaking proprietary data or gaining access through already-renowned vulnerabilities (CISA). The key theme underscores visible interdependence across several critical sectors where attack and dissipation servicing cause systemic erosion of the national economic market and or public service. 
This map supports the overall theme internationally on the strategy aspect of threat intelligence and data thought about how a country might safely and operationally interpret collecting and understanding data on situational and systemic components of planning and functioning through a national security measure regarding cyber. 
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Fig:08 Cyber Threat Map

Impact Statement: Scalability and Industry Implications:
The Big Data–Driven Cyber Threat Intelligence Framework (BD-CTIF) can scale in both the technical and business aspects. On the technical side, the framework’s distributed architecture, which uses technologies like Apache Kafka, Spark Streaming, and federated learning, makes it possible to perform analytics almost in real time on datasets of petabyte scale. The big data problem is solved with the framework's capability of performing the necessary lagging and accurate detection functions when the huge amount of cyber telemetry from IT, OT, and IoT systems comes up. By separating data ingestion, feature extraction, and inference layers, BD-CTIF enables dynamic scaling across different infrastructures, such as cloud, edge, and on-premises. This is sustainable performance that is unaffected even when the number of threats and the variety of sensors increase.
From an industry point of view, BD-CTIF is a way to operational cyber intelligence that is both collaborative and adaptive. The design is in sync with the objectives of the U.S. Cybersecurity and Infrastructure Security Agency (CISA) for inter-sector situational awareness as well as the National Institute of Standards and Technology (NIST) Cybersecurity Framework 2.0. Depending on the implementation of BD-CTIF in key industries, such as energy, healthcare, water, and transport, the average time to detect (MTTD) and average time to respond (MTTR) could be shortened by a combination of automated threat correlation and shared data. Plus, the framework makes it easier for small and medium-sized infrastructure operators since it offers modular analytics pipelines and cloud-native deployment options.
Conclusion:
The case study detailed in this document demonstrates the utility of an end-to-end, big data driven CTI framework that can be utilized to strengthen the security posture of U.S. critical infrastructures. The framework leverages big data analytics with large volumes of data from existing data streams including, but not limited to, real-time monitoring, and advanced threat detection techniques to improve the ability to deal with a constantly increasing complexity in the variety and number of cyber-attack attempts in critical sectors including energy, transportation, health care, and finance.
It is a systematic decomposition of data, which incorporates the collection, normalization, analysis, and visualization of data, thereby raw data related to cyber security is filtered through an effective intelligence framework for action. Utilizing big data analytics with a structured model will provide a specific and rich process to manage incidents relative to risk management and to further improve proactive operational responses specific to threats. Likewise, integrating machine neural networks (NN) over predictive analytics will contribute to the earlier identification of a threat, the proactive time to respond to that threat, and the capability to limit which may be disrupted to the specific operation.
In addition, an area where the architectural frame will address inter-organizational and information sharing, which is very important regarding counter nation-state actors, ransomware campaign threat, or other highly developed cyber threat actors. The framework proposed will integrate big data capabilities with a structured model for the uses of threat intelligence vigilance so that the engagement of threats can be scaled as threats develop.
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