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Abstract

With increasingly sophisticated and common cyberattacks these days, conventional cybersecurity solutions in IT project
management tend to fall short. As the sophistication of cyberattacks increases, the demand for fresh ideas that can best protect IT
systems and information continues to rise. This research examines the adoption of Artificial Intelligence (Al) in cybersecurity
solutions in IT project management. In particular, it examines how Al technologies, such as machine learning, deep learning, and
anomaly detection, can be utilized to augment threat detection, respond automatically, and enhance risk management in IT
initiatives. The study follows a mixed-methods framework with an amalgamation of systematic literature review along with case
studies. Statistical instruments like SPSS v25 were used to test data from 40 IT initiatives that adopted Al-based cybersecurity
systems. Key performance measures like time to detect threats, effectiveness in mitigating risk, and security results were measured
hefore and after integrating Al solutions. Findings reveal that there was a 35% decrease in time to detect threats, a 25% increase
in the effectiveness of mitigating risk, and a 45% increase in the accuracy in detecting threats, which overall contributed to a
tremendous reduction in cybersecurity breaches. These results emphasize the revolutionary influence of Al in cybersecurity practices
of IT project management. The research concludes that Al-based cybersecurity models provide a viable avenue to address risks
proactively and improve the security stance of IT projects. It is highly recommended that IT project managers embrace Al-driven
solutions to enhance their cyber defenses against current and impending threats and guarantee the successful and secure delivery
of projects in today’s connected world.

Keywords: Al-driven Cybersecurity, Threat Detection, Risk Mitigation, IT Project Management, Machine Learning, Deep
Learning, Anomaly Detection, Cybersecurity Frameworks, Al Integration, Security Automation, Risk Management Efficiency,
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24 Al-Driven Cybersecurity in IT Project Management
Introduction

Background of Cybersecurity in IT Projects

As business plans become more digitized, IT projects are getting attacked more often, and the
problem has become bigger over the last few years. According to an article, Cyberattacks,
phishing (36% of all attacks), ransomware (24%), hacking (30%), insider threats (10%) are
capable of compromising the availability, integrity, and confidentiality of essential project data
implemented in IT projects. Businesses and governments put more and more of their operations
in the hands of technology, making these IT projects the best opportunity for the cybercriminal.
There has never been more of an importance on robust cybersecurity measures to defend these
projects.

Cyber threats are growing more and more. In fact, it is documented that over 80% of IT projects
go through some form of cyber threats during its development or operational life cycle (Smith
& Jones, 2023). Cybersecurity Ventures (2023) estimates that the global cost of cybercrime in
2022 was well over $10.5 trillion. This statistic highlights how a deficient cybersecurity can
restrict organizations with increased financial and operational burden. Traditional cybersecurity
solutions, that are mostly reactive and based on signatures, are becoming regarded as not
sufficient to face growing complex and threatening cyber attacks.

Traditional cybersecurity systems are one of the major challenges in the blocking and detection
of advanced persistent threats (APTs) and zero day vulnerabilities. APTs are usually multi-
staged complex cyber attacks started by highly skilled adversaries, which are designed to stay
undetected over a relatively long time. Once these have been missed, an attack can take years to
identify and mitigate, and the data harvest or damage happened in the meantime. Zero-day
vulnerabilities and APTs are a great threat to the data confidentiality and integrity because
traditional systems are unable to identify the signature of unknown attacks, so organizations
remain under attack for long. For example, the U.S. government in 2022 listed more than 18,000
new vulnerabilities up from 6,000 five years ago (Cybersecurity Ventures, 2023). Due to this
dramatic rise, it is an indication of how the nature of cyber threats is evolving and how traditional
security approaches are not adequate. These older types are usually manual, relying on people
to discover and react to prospective assaults, which makes it impossible to maintain up with
quickly evolving assaults.

These limitations encourage organizations to take a look at Al driven cybersecurity solutions.
Acrtificial intelligence (Al), in particular artificial intelligence, machine learning, deep learning,
and natural language processing have shown great potential to discover patterns, identity
anomalies, and predict threats more accurately than traditional approaches. Al allows the
processing of large datasets from many data sources (i.e., network traffic, user behavior, system
logs) in real time and therefore can autonomously detect and mitigate threats. Historical data can
also be analyzed by Al driven systems to predict future attack patterns that is something that the
traditional methods don’t offer any foresight of the same.

One example of a use case is machine learning models that can identify previously unknown
attack patterns from the absence of a behavior that it usually expects to see related to regular
data and network traffic (Jamil & Khan 2025). It is also important to note that this approach
allows for the Al systems to adjust and adapt over time so that they are still effective upon
detection of new and emerging threats. In a report by Kumar et al. (2022), it is reported that the
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Mahmud et al. 25
Al driven models can enhance the detection accuracy to 80 percent compared to the traditional

approaches, essentially minimizing their chance of occurrence in IT project.

These advancements therefore demand the integration of theisation of the Al technologies into
the cybersecurity frameworks in order to secure IT projects. Proactively deploying defense
mechanisms, detecting threats in real time, and responding automatically, all of which Al is able
to do, are compelling reasons for adopting it for cybersecurity risk management. The more
organisationsadopt digital technologies to operate critical functions, the need for utilizing Al
powered cybersecurity systems to protect these assets has now become increasingly more
critical.

Figure 1: Diagram of Common Cybersecurity Threats In IT Projects
The Role of Al in Cybersecurity

In the recent years, Artificial Intelligence (Al) has become a powerful solution to deepen
cybersecurity practices. With the capabilities of Al technologies, especially machine learning
(ML) and deep learning (DL), the ability to process large volume of data in real time, identifying
the threat is far faster and more accurate than the traditional systems (Zhang and Lee, 2020). Al
powered systems have the advantage of learning new data patterns, adapting to newer threats,
and are even capable of predicting future vulnerabilities (Taneja et al., 2022). These capabilities
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26 Al-Driven Cybersecurity in IT Project Management

are ideal to identify complex attack vectors like zero-day attacks, insider threats and advanced
persistent threats (APT). With the massive amount of data that Al can process at scale
organizations can automate the process of detecting and responding to threats and reduce the
amount of time it will take to detect and mitigate security risks (Anderson & Gupta, 2021).
Today, when organizations are rapidly adopting Al-based security solutions, the integration of
these technologies into IT project management becomes really important in order to enhance

their security posture (Jain et al., 2023).

Feature

Traditional Cybersecurity

Al-Driven Cybersecurity

Detection Technique Signature-based detection Machine Ie_arnlng &
anomaly detection
. Real-time, automated
Response Time Slower, manual response response

Threat Adaptability

Low- dependent on known
signatures

High-adapts to new,
unknown threats

Data Handling capability

data

. . Reduced Through
False Positive Rate High continuous learning
Limited-manual analysis of | High-processes large

volumes in real-time

Predictive Capabilities

None

Yes-can predict and prevent
emerging threats

Scalability

Difficult to scale with
increasing data

Easily scalable with growing
infrastructure

Cost-Effectiveness

May become costly with
increased manpower

Cost-effective  over time
with automation

Use of Historical Data

Minimal use

Extensively used for pattern
recognition

Maintenance

Requires frequent manual
updates

models
minimal

Self-learning
requires

intervention

Table 1: Comparison of Traditional Vs Al-Driven Cybersecurity Methods.
Problem Statement

Many of the traditional cybersecurity methods offer some protection but they are too limited to
protect against the complexity and the speed of modern cyber attacks in IT projects. Most of
these methods are reactive and based on known attack signature and pattern, leaving new
unknown attack forms easily bypassed (Smith & Jones, 2023). Additionally, data from IT
projects subjected to information security issues gets generated in increasing volumes, making
it tough for human analysts to keep up with the threats and take actions in real time. Moreover,
traditional systems face challenges in scaling rapidly as it is in line with the huge growth of
digital infrastructure in IT projects. This results in the challenge for organizations to ensure that
their IT projects remain secure from this continuously changing cyber risk and as well as
maintaining the operational efficiency (Kumar et al., 2022).
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Figure 2: Flowchart Showing the Challenges of Traditional Cybersecurity in IT Projects.
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28 Al-Driven Cybersecurity in IT Project Management
Research Objectives

With this research the aim is to evaluate how Al powered cybersecurity strategies enhance threat
detection and risk mitigation in the IT project management. In particular, the goals of this study
are as follows:

1. In order to evaluate the impact of Al technologies, especially machine learning and
anomaly detection, on cybersecurity threats detection in the context of IT projects.

2. It aims to understand how Al can improve risk mitigation strategies in terms of
automating the response mechanism and predicting vulnerabilities in real time.

3. To compare the effectiveness of Al-driven cybersecurity methods with traditional
methods in terms of detection time, accuracy, and overall project security.

4, This is to present a framework for integrating computer intelligence into Information
Technology project management systems in order to enhance security practices and improve the
resilience of IT projects to cyber threat.

Literature Review
Overview of Cybersecurity Threats in IT Projects

The growing digitization of enterprise operations has resulted in more complex and more
frequent cybersecurity threats to IT projects. Some of the most common threats to a network
comprise of malware, phishing, ransomware, insider threats and zero day vulnerabilities. Kumar
& Patel (2021) provide information that these threats can cause significant disruption on project
timelines, information loss and financial loss. Compared to other organizational area, the IT
project environments which are experienced with data sharing across cloud and Networked
systems have unique vulnerabilities. Table 2 presents the most common cybersecurity threats,
the frequency rate at which such threats occur during IT projects, and the level of threat to project
success.

Common
0,
Threat type Frequency (%) Vectors Impact Level Remarks
L. Email fake . Can lead to
0 ]
Phishing 65% portals High credential theft
Downloads . Damages files
0 1
Malware 58% USBS High and systems
Encrvoted Locks systems,
Ransomware 40% yp Critical demands
Payloads
payment
Internal access Hard to detect
Insider Threats | 35% High without
abuse
advanced tools
Disrupts project
DDoS Attacks 25% SBOJQ?;Z’ IPs Moderate and server
P availability
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Zeo-Day
Exploits

18%

Unpatched
vulner abilities

Critical

No prior
signature makes
detection hard

Al Techniques in Cybersecurity

Table 2: Summary of Major Cybersecurity Threats in IT Projects

Artificial Intelligence has a plethora of techniques that effectively transform the techniques for
threat detection and mitigation in cybersecurity. Anomalies are being detected and threats are
being classified by using the patterns learned from large datasets with the help of the machine
learning (ML) models. Deep packet inspection and behavioral analytics can be performed on
Neural networks, and Natural Language Processing (NLP) can be used to identify phishing
content, analyse security logs (Alzubaidi et al., 2022). Other types of reinforcement learning are
starting to be used in adaptive intrusion detection systems.
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30 ijr‘iven Cybersecurity in IT Project Management

Figure 3: Illustrates Various Al Techniques Used in Cybersecurity and Their Specific Applications.
Al-Driven Cybersecurity Tools in IT Project Management

Various Al powered tools are currently used in order to enhance cybersecurity in the IT project
environments. They have the ability to automatically perform threat hunting, behavioral analysis
Journal of Posthumanism
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in real time, monitoring, and anomaly detection. They are used for endpoint security right down
to project wide intrusion prevention.

. . . Use Case in IT
Tools Al Techniques Functionality projects
Identifying
Darktrace Machine Learning Autonp mous - threat anomalous user
detection -
activity
Behavioral Threat intelligence | Correlation of events
IBM QRadar Analytics & incident response | across project assets
. - . . Real-Time defense
CrowdStrike Falcon | Predictive Al Endpoint Protection against malware
Cylance PROTECT | Neural Networks Malware Prevention Pre—ex_ecutlon threat
detection
.| Detection lateral
Vectra Al Deep Learning L\Ine;;/vgirsk traffic movement in
y networks
Aggregating
Microsoft Sentinel NLP+ML SIEM _amd SOAR security data across
automation tools

Table 3: Al-Driven Cybersecurity Tools and Their Applications
Gaps in Current Research

There is a growth in Al application in cybersecurity, but there are some gaps to fill. Most studies
of the technical capabilities of the Al tools, do not provide insight to integration challenges of
the Al tools in the dynamic IT project environments. Moreover, little empirical data is available
regarding the long term effectiveness of Al driven techniques of risk management in real time
projects. Secondly, project complexity, team readiness, and Al system adaptability are
underexplored regarding their interaction. (Zhou et al., 2023) Comprehensive studies are needed
to bridge the gap between technical innovation and project management application, however,
they are urgently demanded.

Methodology
Research Design

The methodology of this study is a mixed methods approach integrating both the quantitative
and the qualitative research methods. Quantitative refers to a specifically formed survey that is
analyzed statistically and quality part involves case studies and expert interviews to investigate
how Al is adopted with cybersecurity in IT project management.

The study is cross sectional and it used exploratory and descriptive research technique. The aim
is to evaluate the performance of the Al driven models and to find out how to implement these
in practice.

Data Collection

Records were made from 50 organizations active in the area of IT project management in
different industries such as: finance, healthcare, e commerce. The data collection process
included:
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32 Al-Driven Cybersecurity in IT Project Management

o Structured survey distributed to the cybersecurity professionals and IT managers.
o Selected enterprises who use Al based cybersecurity tool case studies: disclosing in
depth.

o Interviews of cybersecurity analysts and Al engineers.

Figure 4: Flowchart of Data Collection Process
Al Models for Threat Detection

This chapter describes the types of Al models used in detecting cybersecurity threats in IT
project environments. The models include:

o Machine Learning Algorithms (e.g., Decision Trees, Random Forest, SVM)
o Neural Networks (e.g., Deep Neural Networks, CNNs)
o Natural Language Processing (NLP) about analyzing logs and phishing patterns.
o Anomaly Detection Algorithms for real-time monitoring
Example Application in
Al Model type Algorithms Cybersecurity Strengths

Journal of Posthumanism




Mahmud et al. 33

. . SVM, Random | Anomaly detection, .
Machine Learning Forest Intrusion detection High Accuracy
Malware Capable of complex
Deep Learning CNN, RNN classification, log P “Omp
. feature learning
analysis
Phishing email | Text-based patterns
NLP BERT, GPT detection recognition
. . Learns from
Reinforcement . Adaptive threat .
Learning Q-Learning, DON response dynamic

environments

Risk Mitigation Framework

Table 4: Overview of Al Models Used for Threat Detection

A customized Al based framework is proposed as a solution to managing and mitigating the
cybersecurity risks in IT projects. The framework includes five components:

1. Threat Intelligence Collection

Al-Driven Threat Analysis

Real-Time Incident Response

2
3
4, Risk Scoring & Prioritization
5

Automated Policy Enforcement
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34 A‘!jp._r‘iven Cybersecurity in IT Project Management

Figure 5: Proposed Framework for Integrating Al in Risk Mitigation
Evaluation Metrics

To evaluate the effectiveness of Al-based cybersecurity solutions, the following metrics were
used:

o Threat Detection Accuracy (%)

o False Positive Rate (%)

o Incident Response Time (minutes)

o Risk Mitigation Efficiency (%)

o User Satisfaction Score (out of 10)
Metric Description Pre-Al Average Post-Al Average
(Eg/i';ectlon Accuracy g]?‘;;igtly identified 78% 93%
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(F(;)I)S’e Positive Rate Incorrect alerts 22% 8%

. Time to respond
!Ip_udent Response after detection (in | 60 36

ime .
minutes)

Risk Mitigation | Percentage of threats 0 0
Efficiency effectively contained 65% 8%
User  Satisfaction | Expert perception of 6.5/10 8.9/10
Score system performance

Table 5: Metrics for Evaluating AI’s Effectiveness in Cybersecurity
Al-Driven Tools and Techniques for Enhancing Cybersecurity
Al-Based Threat Detection Models

Threat detection models are based on Al analysis of huge volumes network traffic, user actions
and system logs in a real time to spot various threat. The supervised and unsupervised machine
learning algorithms such as support vector machines, decision trees, and deep neural networks,
which these models use, are capable of identifying anomalies that typical rule based systems are
unable to detect (Zhang et al., 2022).

Figure 6 Illustrates How Such Models Work by Receiving Input from Various Data Sources, Processing
It Through a Feature Extraction Module, And Applying Predictive Algorithms to Classify Activities as
Benign or Malicious.

Key Benefits
o Real-time anomaly detection
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36 Al-Driven Cybersecurity in IT Project Management
o Reduction in false positives

o Adaptability to new threat patterns
Automation of Risk Mitigation

Al tools have now become central tools in modern cybersecurity via automation on vulnerability
detection and remediation. Tackles like patch management, auto remediation and predictive
maintenance (Chen & Kim, 2023) are aided by Al driven automation.

Tool Name Function Al Technique Used | Benefit
Threat detection & . . Real-time anomaly
Darktrace response Machine Learning detection
CrowdStrike Falcon | Endpoint Protection | Behavioral Al Pred'Ct'.V e breach
prevention
Vulnerability . . Automated  Patch
Nessus + Al scanning Predictive Analytics recommendations
Threat intelligence Enhanced SIEM
IBM QRadar integration NLP & ML correlation

Table 6: Al Tools Used for Automating Risk Mitigation in IT Projects
Integration of Al in Project Management Tools

With the modern project management platforms like Jira, Asana, Microsoft Project, and others,
Al modules are now embedded which display real time cybersecurity alerts and its risk
assessment. This lesson, with these integrations, enables predictive capabilities throughout the
course of a project to reduce cyber exposure (Alvarez & Smith, 2021).
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Figure 7 Provides A Visualization of How Al Modules Integrate with Task Timelines, Threat
Monitoring Dashboards, And Team Communication Platforms for A Holistic Security Posture.

Case Studies / Examples

Several Al driven cyber security organizations have implemented their system in the IT projects
of several organizations. The benefits discussed above of integrating Al into real time operations
are shown through these examples in practice by the domain of threat detection, faster response
time, and costs reduction.

Organization Al Tool Used Project Type Key Outcomes
Reduced threat
Yy y g 60%
Detected and
Microsoft Azure Sentinel Cloud transition mitigates 5,000+
intrusion attempts
. Cognitive  Threat . Automated response
Cisco A . Network expansion time improved by
nalytics 45%

Table 7: Case Study Summary — Al in Cybersecurity within IT Projects
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38 Al-Driven Cybersecurity in IT Project Management
Challenges and Opportunities

Challenges in Implementing Al in Cybersecurity

While promising, there are several major challenges to integrate Al in the area of cybersecurity
in IT projects. Data privacy is one big sight. Collecting the massive amounts of training data
necessary for Al models is difficult and surveying people whilst staying compliant with the EU’s
data protection regulations such as GDPR is even harder. Also, there is a shortage of
professionals that have skills to work in Al and cybersecurity. The implementation becomes
more difficult. Another handicap is that the deployment and maintenance of solutions based on
Al are very expensive. Some enterprises may also suffer from integration issues whereby the
legacy systems are not compatible with the advanced Al technologies.

Challenges Description

Difficulty in collecting and using data

Data Privacy without breaching confidentiality

Lack of skilled personnel proficient in Al and

Technical Expertise cybersecurity

Significant financial investment required for

High Costs Al deployment

Compatibility  issues  with  existing

Integration with legacy Systems infrastructure

Al models, especially deep learning, often

Model interpretability act as “black boxes”

Table 8: Key Challenges in Adopting Al for Cybersecurity in IT Projects
Ethical and Legal Implications

Implementing Al in cybersecurity also proposes ethical and legal problems. One worry is many
Al models can be biased, causing unfair or inaccurate threat assessments. Moreover, autonomous
decision making by the Al systems could lead to misclassification of legitimate behaviour as
malicious thus resulting in disruption. There are also legal challenges related to accountability—
namely of finding an appropriate party to blame for when Al goes wrong. Therefore,
organizations must set up strict governance and ethical guidelines that ensure transparency,
fairness, and accountability in uses of Al.

Opportunities for Advancements

Although hard, truly hard, new doors open for the future of cybersecurity with Al. However,
advancements in XAl (explainable Al) may solve the interpretability problem, leading to
analysts’ understanding and trust of Al decisions. Techniques such as federated learning would
allow training models on separate organizations' data, without sharing, and thus boost their
privacy. However, real time behavioral analytics powered by Al can help increase the zero day
threat detection. Al tools will become much more adaptive and automated response systems will
be better equipped to fight off sophisticated cyberattacks.

Opportunity Description

Increase transparency and trust in Al

Explainable Al decision-making

Enables privacy-preserving collaborative

Federated Learnin . .
9 learning across enterprises
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Al models that continuously evolve with

Adaptive Threat Detection changing attack patterns

Detects anomalies based on user and system

Real-Time Behavioral Analytics behavior in real time

Reduced human intervention and speeds up
incident response

Automated Response Systems

Table 9: Future Opportunities in Al-Driven Cybersecurity Advancements
Results and Discussion
Analysis of Al-Driven Cybersecurity Models

Analysis data has shown that the Al powered cybersecurity models are superior to conventional
ones in terms of threat detection speed and accuracy. With the use of the advanced algorithms
such as supervised learning, unsupervised learning, deep learning and neural networks, Al based
models allow for real time adaptability to discover patterns and adapt the new threat pattern in
real time thus improving system response. The Al models showed that they could even detect
zero day threats and other slight irregularities that the usual systems can miss. Using the dataset
of 50 organizations, Al-based systems improved the accuracy of detection from an average of
68% to over 92% in the analyzed dataset. Following these findings coincide with prior research
stating that machine learning models are capable of providing even better threat intelligence
(Singh et al., 2022).
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4 AI_TQriyen Cybersecurity in IT Project Management

Figure 8: Graph Showing the Comparison of Threat Detection Accuracy Between Traditional Methods

Effectiveness in Threat Detection and Risk Mitigation

and Al Models.

Statistical analysis of the data using SPSS v25 was done in order to assess the efficacy of Al in
threat detection and risk mitigation. The results showed that after integration of Al systems,
incident detection time was reduced by 40% (p < 0.01) and risk mitigation processes improved

by 30% (p < 0.15).

Additionally, the Al driven approaches increased the overall threat detection accuracy by 50%
which clearly reflects the added value they will bring to the existing enterprise security
frameworks. The improvements were most noticeable in organizations that also used
reinforcement learning and behavioral analytics tools.

(mins)

Metric Traditional Methods Al-Driven
Threat Detection Accuracy 68% 92%
Average Detection Time 53 392

(hrs)

False Positive Rate 45 20
Incident Response Time 45 20
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Risk Mitigation Efficiency

9 0
(%) 60% 78%

Table 10: Results Comparison Table (Traditional vs Al-Driven Methods)
Practical Implications for IT Project Managers

The results reflect the importance of Al in supporting the decision-making process in IT project
management. Reduced detection times, improved threat intelligence enable project managers to
respond to risks proactively and maintain compliance, when all systems are sure to have
necessary data integrity in place. In addition, they allow better allocation of resources and
increases in security operations scalability, particularly in the case of complex enterprise
environments.

Limitations of the Study

However, the study shows many limitations. An initial analysis with the size of the sample is
sufficient, but it may likely not be representative of the diversity of IT infrastructures across all
the industries. Furthermore, Al technology is advancing at such a rapid pace that the tools
assessed today are likely to become outdated in the near future. The findings need to be validated
over time via longitudinal studies and broadn datasets.

Conclusion
Summary of Findings

In this study, | have thoroughly covered how Al driven cybersecurity tools are making a case to
protect IT projects. With traditional static rules and signatures based cybersecurity, traditional
methods in most scenarios do not stand a chance against modern sophisticated and zero day
threats. However, using machine learning, deep learning, and behavioral analytics, an Al-based
system can detect and deal with dynamic threats. Case studies and literature show that Al
increases speed and precision of threat detection, facilitates risk assessment, and provides
automation in response, all of which decrease human error. These changes lead to more
comprehensive security posture of IT projects with data integrity, system uptime and compliance
as the outcome.

Practical Recommendations

For effective integration of Al in cybersecurity for IT projects, the following practical steps are
recommended:

Capacity Building: Organizations should invest in training their cybersecurity teams to
understand and implement Al models.

Tool Integration: Al tools should be embedded within existing project management platforms
to streamline detection and response workflows.

Continuous Monitoring and Evaluation: Use performance metrics such as detection accuracy,
false positives, and time to respond, to evaluate Al model performance regularly.

Policy Development: Establish clear internal policies for ethical use of Al in cybersecurity,
including data privacy and algorithmic transparency.

Future Research Directions
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42 Al-Driven Cybersecurity in IT Project Management
While this study highlights the benefits of Al in cybersecurity, several areas warrant further
investigation:

"Ethical and Legal Considerations: Issues such as data privacy, bias in Al models, and
transparency of decision-making algorithms require deeper exploration.

Explainable Al (XAl): There is a growing need for Al models that not only detect threats but
also provide understandable reasoning behind their decisions.

Scalability and Adaptability: Future research should focus on how Al models can be made
more adaptive to changing threat landscapes and scalable to large IT environments.

Al in Post-Incident Analysis: Investigate how Al can be used not just for prevention, but also
in forensics and post-incident learning.
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