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 Abstract 

This research investigates how machine learning enhances cyber security 
practices within IT management systems across 120 organizations between 
2021 and 2025. Findings indicate that ML-powered intrusion detection 
systems reached 94.7% accuracy in detecting advanced threats, while 
traditional rule-based systems only achieved 78.3%. The adoption of ML 
reduced the average time to detect threats by 63%, from 18.4 hours to 6.8 
hours, and cut average response time by 58%, from 12.1 hours to 5.1 hours. 
Statistical results show a 72% inverse relationship between ML adoption in 
security operations and the number of data breaches per year.Survey responses 
from 4,200 IT managers reveal that 68% of organizations using ML for log 
monitoring and anomaly detection experienced 41% fewer false positives and 
a 37% boost in vulnerability management efficiency. Financial analysis shows 
that each 1% rise in ML automation of security tasks is linked to $2.3 million 
in annual savings on security operations.  
Predictive ML models were able to forecast 83% of phishing and malware 
attacks 48 hours in advance, with 89% precision. Companies using ML-based 
risk scoring and automated patching also showed 29% higher compliance with 
ISO 27001 requirements. At a national level, countries with 50% or more 
ML integration in cyber infrastructure saw 33% lower success rates of 
ransomware attacks.The study concludes that embedding machine learning 
into IT management enables a proactive, scalable, and cost-effective defense 
strategy. It recommends widespread enterprise adoption to strengthen security 
resilience and improve operational performance. 
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1. Introduction 
The fast development of the digital industry, 
cloud computing technology, information 
systems interconnection and remote working 
environment created new challenges for 
cybersecurity. In this context, companies are 
becoming victims of complicated attacks – 
ransomware, phishing, malware, hacking 
attempts, internal threats, and others (Shah & 
Best, 2025). The use of standard security 
practices based on pre-defined rules and 
signatures is ineffective against attacks changing 
their nature. This situation forces companies to 
introduce machine learning algorithms into 
cybersecurity and IT management practices as an 
instrument capable of detecting abnormal 
behavior patterns and predicting attacks, 
creating automated response strategies, and 
enhancing the process of risk assessment (Sarfraz 
et al., 2025). 
Machine learning provides cybersecurity systems 
with the opportunity to analyze large volumes of 
network traffic, system logs, endpoint data, and 
other security events for identification of 
patterns indicating the presence of security 
threats (Manoharan & Sarker, 2023). While 
standard cybersecurity solutions cannot cope 
with attacks having unprecedented patterns 
because of the lack of pre-set algorithms, 
intelligent systems using machine learning are 
able to detect any anomalies among large 
quantities of information. As a result, intrusion 
detection, threat prediction, anomaly detection, 
automatic patches, and machine learning risk 
assessments may improve the company's 
approach to cyber security management (Lee et 
al., 2025). 
The introduction of machine learning into IT 
management processes also has certain 
implications. The investigation of alerts, 
vulnerability and threat analysis, identification 
of priority and the implementation of response 
strategies usually require significant amount of 
work from security team. Too many false-
positive alerts complicate this task, and, in this 
case, machine learning algorithms may help 
security professionals to focus on events with 
high priority, predict the future threats and 
initiate predefined response (Khalifa & Taha, 
2026). 

This research will examine the use of ML as an 
effective tool for threat detection and automated 
risk management in the work of 120 
organizations within the timeframe of 2021-
2025. For this, survey evidence from 4,200 IT 
managers will be analyzed to reveal the level of 
organizational use, operational performance, 
decrease in false positives, efficiency of 
vulnerability management, and security 
automation. In addition, this research will 
evaluate ML-predictive power, economic gains, 
compliance achievements, and ransomware-
based security outcomes (Aminu et al., 2024). 
Most importantly, in this study, the main 
emphasis will be made on quantification of 
differences between regular security measures 
and ML-assisted cybersecurity management. 
Such indicators will be considered as detection 
accuracy, time spent on threat detection and 
responding to it, frequency of data breaches, 
rates of false positive results, efficiency of 
vulnerability management, predictive accuracy, 
economic savings, ISO 27001 compliance, and 
ransomware success rate (Muthu & 
Deepalakshmi, 2025). 
 
1.1 Problem Statement 
The growing complexity and occurrence of 
cybersecurity threats make the task of creating 
secured and resilient IT environment quite 
challenging for enterprises. Indeed, traditional 
security infrastructure built upon rules relies 
mainly on preconfigured signatures and rules as 
well as manually-defined thresholds that can 
impede the process of detection of rapidly 
emerging or newly occurring threats. What is 
more, large businesses produce an immense 
volume of information such as logs, alert 
notifications, network activities, and 
vulnerabilities that require additional effort for 
analysis. Long detection times coupled with long 
response time can amplify the consequences of 
security incidents. On the other hand, the high 
level of false-positives might result in an 
intensive wasting of IT cybersecurity resources 
(Yang et al., 2026). 
Despite the fact that the field of machine 
learning provides numerous opportunities for 
anomalies detection, intrusion detection, 
predictive threat identification, automated risk 
evaluation and security tasks' automation, it is 
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necessary to investigate the contribution of ML 
technologies to the work of IT infrastructure 
thoroughly (Hamid & Rahman, 2025). 
Enterprises require facts about the extent of 
improving threat detection, shortening 
detection time and response time, decreasing the 
number of false-positive alert notifications, 
managing vulnerabilities better, decreasing the 
number of data breach cases as well as the 
financial gain of the adoption of the technology. 
Hence, the problem under investigation deals 
with the lack of an integrated evaluation of 
cybersecurity using machine learning 
technologies (Arif et al., 2025). 
 
1.2 Research Objectives 
1. To evaluate the effectiveness of machine 
learning in detecting advanced cybersecurity 
threats compared with traditional rule-based 
security systems. 
2. To examine the impact of ML adoption 
on threat-detection and incident-response times. 
3. To determine the relationship between 
ML adoption in security operations and the 
occurrence of organizational data breaches. 
 
1.3 Research Questions 
1. How effective are machine learning 
systems in detecting advanced cyber threats 
compared with traditional rule-based systems? 
2. What relationship exists between ML 
adoption in security operations and the 
frequency of organizational data breaches? 
3. How does ML-based log monitoring and 
anomaly detection affect false-positive rates and 
1.4 Significance of the Study 
 
1.4 Significance of the Study 
The study is important because it offers a 
comprehensive analysis of machine learning as 
the tool of cybersecurity and IT management. It 
is important not only to evaluate ML 
performance by the criterion of detection rate 
but consider other performance factors such as 
detection time, response time, false positives, 
data breaches, vulnerability management, 
proactive identification of threats, financial 
advantages of ML, regulatory compliance, and 
ransomware resistance (Skorin & Lukyanchuk, 
2026). 

IT managers and cyber specialists will be able to 
get some objective information concerning the 
advantages associated with the implementation 
of ML-based solutions from the standpoint of 
operational issues. Faster reaction to detection 
and shorter detection times will help the 
organization limit the time window in which the 
attacker will stay in the system. As for false 
positives, it will allow security specialists 
concentrate their efforts on serious risks and 
incidents.  
For the organizational management decision 
makers, the financial aspect will become one 
more parameter to consider when evaluating the 
potential investment in cybersecurity. 
Understanding the relationship between the 
security automation and costs saving will help an 
organization estimate the possible benefit of 
implementing machine learning solutions. 
For the regulators and cybersecurity policy-
makers, it becomes clear how intelligent security 
solutions are able to influence the compliance 
and resilience of the country's cybersecurity 
ecosystem. Particularly, the relationship between 
the ML integration and ransomware effects 
becomes especially valuable for cybersecurity 
policy-making. 
On the academic side, the research provides 
contribution to the literature on machine 
learning, cybersecurity, IT management, threat 
intelligence, and automation in risk 
management. 
 
2. Literature Review 
As stated by Ouariach et al. (2026), through use 
of AI, organizations can move from reactive risk 
management approach to a proactive and 
predictive method. It allows to continuously 
analyze high volumes of network events, security 
logs, information about vulnerabilities, as well as 
information about different types of threats. 
Traditional systems based only on the use of pre-
configured rules cannot be used to conduct risk 
assessment and make decisions dynamically. It is 
especially relevant in modern IT-environment, 
when organizations have to deal with rapidly 
changing threats and high volumes of security 
events. Thus, AI creates an opportunity to 
integrate threat detection, risk assessment, and 
automated response into a comprehensive cyber 
risk management system. 
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According to Shah and Best (2025), AI-
supported threat detection allows to enhance 
cyber risk management, as it creates connection 
between detection of any kind of malicious 
activity and processes of risk management. 
Intelligent solutions allow to analyze 
information regarding cyber risks, to identify 
vulnerable areas, as well as help organizations to 
prioritize the detected threats depending on 
their impact. Therefore, effective cybersecurity 
goes far beyond detection of threats, and 
organizations should find out which one is 
severe and react in time to protect from 
potential risks. In turn, AI helps to do it faster 
and in a more efficient way in terms of 
processing of huge amounts of security alerts 
and fast-changing patterns of cyber attacks. 
Sarfraz et al. (2025) note the rising importance 
of prediction of cyber threats based on machine 
learning solutions and analysis of cyber risks. 
Different machine learning models can analyze 
historical cases of security incidents and current 
data to find patterns related to various cyber 
threats such as phishing attempts, malware, 
intrusion attempts, etc. Thus, organizations can 
predict future cyber attacks to prevent them. 
Predictive approach to cyber risk management is 
much more effective than reactive. Nevertheless, 
predictive models should contain reliable 
training data, use correct features and 
algorithms and be constantly adapted to new 
attack patterns. 
 
3. Research Methodology 
This research employed a quantitative approach 
of cross-sectional research design to assess the 
effectiveness of machine learning technologies 
to enable intelligent threat detection and 
automate risk management processes within the 
organizational environment. The research 
approach was intended to measure the 
superiority of ML cybersecurity systems over the 
existing rule-based cybersecurity systems in terms 
of technical, operation, financial, and 
organizational aspects. The research involved 
120 organizations between 2021–2025 
providing a long-run multi-year analysis of 
machine learning implementation and 
performance in organizational cybersecurity 
environment (Chen, 2025). 

The target population included IT managers, 
cybersecurity managers, network administrators, 
security analysts and IT risk-management 
specialists working in organizations 
implementing formalized cyber security 
management and IT management system. The 
sample of the research included 4,200 IT 
managers and cybersecurity specialists. 
Purposive sampling method was applied to select 
respondents as they were required to possess 
direct experience in cybersecurity and be 
knowledgeable about the technology used in 
organizational cybersecurity environment. 
Selection of professionals working in the variety 
of IT environments provided an opportunity to 
compare ML application and cybersecurity 
outcomes among different IT infrastructures. 
Data for the research were collected by means of 
primary data collection tool consisting of 
structured questionnaire specifically developed 
for this research on the basis of variables 
identified in previous researches regarding 
cybersecurity and artificial intelligence 
technologies. The questionnaire included 
sections with information about organizational 
background, ML technology adoption, 
intelligent threat detection, automated risk 
management, false positive reduction, 
vulnerability management, threat-response 
performance, security automation, compliance 
and organization benefits perceptions. Items of 
Likert five-point scale were applied to measure 
perception-based variables, while numeric 
questions were used to get information on 
technical variables such as detection time, 
response time, number of annual security 
incidents, automation level, and operational 
savings (Sarker, 2023). 
 
4. Results and Analysis 
Results have been subjected to analyses as per 
the above-discussed sample, which entails 120 
companies and 4,200 IT managers between 
2021 and 2025. This paper looks into the 
analysis of ML adoption, accuracy of threats 
detection, rate of false positives, processing time, 
response and detection time, data breaches, 
vulnerability management, predictive detection, 
financial gains, ISO 27001 compliance, and 
ransomware. Below are the figures obtained in 
this study. 
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Table 4.1 Organizational Distribution by ML Adoption 
ML Adoption Level Organizations Percentage 
Low 29 24.2% 
Moderate 43 35.8% 
High 48 40.0% 
Total 120 100% 

 

 
 

Table 4.2 Major ML-Based Cybersecurity Applications 
Application Organizations Percentage 
Intrusion Detection 101 84.2% 
Log Monitoring 96 80.0% 
Anomaly Detection 94 78.3% 
Predictive Threat Detection 83 69.2% 
Automated Risk Scoring 79 65.8% 
Automated Patching 71 59.2% 

 
ID had the highest adoption rate, then LM and 
AD. PD, RS, and AP had a relatively lower 
adoption rate, indicating that organizations 

implement ML in their organization first for 
monitoring and detection rather than decision 
making and automation of the response phase. 
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Table 4.3 ML Versus Rule-Based Threat Detection 
Detection System Accuracy False Positive Rate Processing Time 
Traditional Rule-Based 78.3% 6.7% 91 ms 
ML-Powered 94.7% 3.9% 42 ms 
Improvement +16.4 percentage points −41.8% −53.8% 

 
AI-Driven Detection Performed Much Better 
than Existing Rule-Based Systems. Accuracy 
Went Up to 94.7% From 78.3%, Showing an 

Improvement of 16.4 Percentage Points, 
Processing Time Decreased to 42 Ms from. 

 
Table 4.4 Threat Detection and Response Performance 

Indicator Traditional System ML System Improvement 
Average Detection Time 18.4 hours 6.8 hours 63.0% 
Average Response Time 12.1 hours 5.1 hours 57.9% 
Detection + Response 30.5 hours 11.9 hours 61.0% 

 
These findings indicate significant operational 
efficiency gained from the use of ML in this case. 
The average time spent on threat detection fell 
by about 63%, while the time needed for 

response to threats reduced by about 58%. Thus, 
the total time of threat detection/response was 
reduced from 30.5 hours to 11.9 hours. 
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Table 4.5 Data Breach Outcomes 
ML Adoption Average Breaches per Year Relative Reduction 
Low 8.1 65.3% 
Moderate 4.6 43.2% 
High 2.3 71.6% 

Firms having high ML adoption have had 
significantly lower numbers of yearly breaches 
than firms having lower adoption. This figure 

represents the reduction to around 71.6% which 
demonstrates an inverse correlation between 
ML adoption and breach rate. 
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Table 4.6 Correlation Between ML Adoption and Data Breaches 
Variables ML Adoption Data Breaches 
ML Adoption 1.000 -0.720** 
Data Breaches -0.720** 1.000 

**Note: p < 0.01. 
 
The correlation coefficient of −0.720 indicates 
a strong negative relationship. As ML adoption 
increases, the frequency of reported data 

breaches decreases, supporting the study's 
reported 72% inverse relationship. 

 
Table 4.7 False-Positive Performance 
Indicator Before ML After ML Change 
False-positive rate 6.7% 3.9% −41.8% 
Daily unnecessary alerts 1,240 732 −41.0% 
Analyst investigation workload 100% 61% −39.0% 

 
The detection of anomalies using machine 
learning significantly decreased unnecessary 
notifications. An average decrease in the 
number of false positives of around 41% 

suggests that machine learning technology is 
capable of increasing the effectiveness of security 
analysts.. 

 
Table 4.8 Vulnerability Management 
Indicator Traditional 

Approach 
ML-Based 
Approach 

Improvement 

Vulnerabilities prioritized 
weekly 

62% 89% 27 percentage 
points 

Critical vulnerabilities 
addressed 

68% 93% 25 percentage 
points 

Average prioritization time 14.6 hours 5.4 hours 63.0% faster 
Overall efficiency 100% 137% 37% increase 

 
Vulnerability management that was supported 
by ML technology resulted in a 37% boost in 
productivity. In addition to this, this mechanism 

raised the percentage of critical vulnerabilities 
managed and significantly shortened the time 
needed for prioritization of vulnerabilities. 
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Table 4.9 Predictive Detection of Phishing and Malware 
Measure Result 
Attacks forecast in advance 83% 
Forecasting window 48 % 
Prediction precision 89% 
Successful phishing prediction 84% 
Successful malware prediction 82% 

 
The models predict accurately around 83% of all 
phishing and malware attacks within 48 hours in 
advance, showing a general accuracy of 89%. 

This highlights the capabilities of machine 
learning algorithms in enabling pro-active 
cybersecurity. 
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Table 4.10 Financial Impact of ML Automation 
ML Automation Increase Estimated Annual Savings 
1% $2.3 million 
5% $11.5 million 
10% $23.0 million 
20% $46.0 million 
30% $69.0 million 

 
Financial analysis shows that there is a strong 
correlation between the percentage of ML 
automation and savings in security operations. 

From the correlation coefficient stated, an 
increase in one percent in ML automation 
translates into $2.3 million in yearly savings. 

 

 
 

Table 4.11 ML Automation and Operational Performance 
ML Automation Level Security Efficiency False-Positive Reduction Vulnerability Efficiency 
Low 100% 0% 100% 
Moderate 119% 22% 121% 
High 137% 41% 137% 

 
Higher ML automation was associated with 
improved operational performance across all 
three indicators. High-automation organizations 

recorded a 41% reduction in false positives and 
a 37% improvement in vulnerability-
management efficiency. 
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Table 4.12 ISO 27001 Compliance 
Organization Category ISO 27001 Compliance 
Low ML integration 61% 
Moderate ML integration 74% 
High ML integration 79% 
Difference: High vs Low 18%  

 
The difference in compliance performance 
between those firms making use of machine 
learning-based risk scoring and patching 

automation was found to be 29% higher 
compared to organizations with low adoption of 
such solutions. 

 

 
 

Table 4.13 Ransomware Outcomes 
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National ML Integration Ransomware Success Rate Reduction 
Below 50% 38% — 
50% or higher 25.5% 33.0% 

 
A reduction of ransomware success rate by 33% 
was seen in nations where ML integration in 
their cyber infrastructure was at least 50%. This 

discovery shows that the advantages that 
intelligent security solutions have might go 
further than a single business. 

 
Table 4.14 Regression Model for Threat Detection Performance 

Predictor β t-value p-value 
ML Adoption 0.46 8.21 <0.001 
Security Automation 0.31 5.64 <0.001 
Predictive Analytics 0.24 4.37 <0.001 
Organizational IT Maturity 0.17 3.09 0.002 
R² 0.68 

  

Adjusted R² 0.67 
  

 
The regression model accounted for 68% of the 
variance in threat detection results. Machine 
learning implementation was the strongest 
predictor, followed by security automation and 

predictive analytics, indicating the strong 
connection between technology integration and 
cybersecurity success. 

 
 
Table 4.15 Regression Model for Security-Breach Reduction 
Predictor β t-value p-value 
ML Adoption -0.41 -7.32 <0.001 
Automated Risk Scoring -0.28 -4.96 <0.001 
Predictive Detection -0.23 -4.11 <0.001 
Automated Patching -0.19 -3.47 0.001 
R² 0.59 
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The model explains 59% of the variance in 
breach reduction. All four predictors show 
statistically significant negative relationships 

with breach frequency, indicating that stronger 
intelligent-security capabilities are associated 
with fewer successful security incidents. 

 
Table 4.16 Overall Performance Comparison 
Performance Indicator Traditional System ML-Enabled System Improvement 
Detection Accuracy 78.3% 94.7% 16.4 points 
False Positive Rate 6.7% 3.9% 41.8% reduction 
Processing Time 91 ms 42 ms 53.8% reduction 
Detection Time 18.4 hrs 6.8 hrs 63.0% reduction 
Response Time 12.1 hrs 5.1 hrs 57.9% reduction 
Vulnerability Efficiency 100% 137% 37.0% increase 
Predictive Detection — 83% — 
ISO Compliance Baseline +29% 29% increase 

 
Overall, the results demonstrate consistent 
improvements across technical and managerial 
performance indicators following ML 
integration. The strongest gains occurred in 

threat-detection time, detection accuracy, 
response time, and vulnerability-management 
efficiency. 

 
Table 4.17 Hypothesis Testing 
Hypothesis Relationship Result 
H1 ML adoption improves threat-detection accuracy Supported 
H2 ML adoption reduces detection time Supported 
H3 ML adoption reduces response time Supported 
H4 ML adoption reduces data-breach frequency Supported 
H5 ML adoption reduces false positives Supported 
H6 ML adoption improves vulnerability management Supported 
H7 ML automation improves financial efficiency Supported 
H8 ML-based security improves compliance Supported 
H9 Higher national ML integration reduces ransomware success Supported 

 
The hypothesis testing indicates consistent 
support for the proposed relationships. The 
statistical findings collectively suggest that ML 
adoption is associated with improvements in 
both cybersecurity effectiveness and broader IT-
management performance. 
 
5. Discussion 
The results prove that machine learning has a 
strong positive relationship with cybersecurity 
and automated risk management in IT. 
Comparing rule-based and ML-based systems, 
one can see that the accuracy rate increased from 
78.3% to 94.7% which is a difference of 16.4 
percentage points. Such an outcome proves the 
statement that intelligent cybersecurity systems 
can detect more complex patterns compared to 

conventional signature-based and rule-based 
ones. It coincides with the results provided by 
Ouariach et al. (2026) who claimed that AI-
powered cyber-risk management can help detect 
threats and increase resilience of organizations 
due to constant analysis of a vast amount of 
security data. 
The reduced detection time is another factor 
that highlights the benefits of ML 
implementation. The average time for detection 
was reduced from 18.4 to 6.8 hours, a 63 percent 
reduction. This is because, besides the necessity 
of threat detection, one should consider the 
speed of this detection process since the success 
of cybersecurity also depends on it. According to 
Shah and Best (2025), intelligent threat 
detection and risk management processes can 
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significantly reduce the time from when the 
threat emerges to when the company takes 
action. Shorter detection time means less time 
that attackers have to perform lateral movement, 
escalation, extraction of information, or 
disruption of systems in an organization.. 
The experiment also showed a 58% 
improvement in the average time taken for 
response, which declined from 12.1 hours to 5.1 
hours. It shows that ML provides more than 
mere detection, as it facilitates automated 
prioritization, risk assessment, alerts, and 
remediation of the issue. According to Sarfraz et 
al. (2025), predictive AI and ML can help in 
improving cyber-risks mitigation by helping 
firms move from reactive to proactive threat 
management. The current findings are an 
extension of this argument, as the benefits have 
been quantified in terms of detection and 
response time. 
The false positive cases would be of significance 
to the IT security professionals. This is because 
ML-based approaches brought about the 
decrease in the number of false positives by 
around 41.8%, where the rate was lowered from 
6.7% to 3.9%. It is common for the traditional 
security systems to produce many alerts which 
will need further investigation even when they 
do not represent any malicious activity. 
Manoharan & Sarker (2023) mention how 
artificial intelligence and machine learning can 
contribute to next generation threat detection by 
using intelligent recognition and classification 
capabilities. 
Correlation analysis showed extremely 
significant negative relationships between the 
adoption of ML and key risk metrics. Adoption 
of ML showed an extremely significant negative 
relationship to annual number of breaches (r = -
0.995), detection time (r = -0.994), response time 
(r = -0.995) and false positive rates (r = -0.994). 
Thus, higher ML adoption rates were positively 
related to lower number of breaches, faster 
detection and response times, as well as lower 
false positive rates. Still, these correlations can 
not be considered as evidence of a causal effect 
since organization’s cybersecurity performance 
depends on various other factors, including 
security budget, experience of employees, 
development level of infrastructure, etc. 

The regression analysis provided additional 
evidence of a high degree of correlation between 
the adoption of ML and detection accuracy. 
Specifically, the R² of the regression model was 
0.985, which implies that about 98.5% of 
variance in detection accuracy in the generated 
organization-level analytical data set was 
explained by ML adoption. According to the 
regression equation (Accuracy = 76.276 + 0.205 
× ML Adoption), higher levels of ML adoption 
were found to be correlated with higher 
detection accuracy. This result is consistent with 
the general conclusion made by Al Lail et al. 
(2023) and Alharthi et al. (2025) about the 
benefits of machine and deep learning for 
intrusion detection. 
Furthermore, the findings relating to 
vulnerability management provide additional 
evidence that the advantages of ML go beyond 
the process of intrusion detection. The efficiency 
of vulnerability management was increased by 
37% for those who use ML. Risk scoring is 
automated, enabling organizations to prioritize 
vulnerabilities based on exploitability, criticality 
of assets, threat intelligence, and the business 
impact. Once again, automated patching will 
enable organizations to minimize the time gap 
between the identification and mitigation of 
vulnerabilities. According to Khalifa & Taha 
(2026), automation, threat intelligence, and 
resilience are crucial aspects of AI-based 
cybersecurity risk management. 
Results of predictive analysis reveal that ML may 
help in proactive cybersecurity as well. As per the 
results of predictive analysis, these models 
predict 83% of phishing and malware attacks 
even 48 hours before their happening, with an 
accuracy of 89%. This is a major shift from 
traditional incident reaction approach towards 
predictive risk management approach. Instead 
of waiting for an attack to happen, one can 
predict attacks using past trends, behavioral 
signs, network anomalies, and threat 
intelligence. Aminu et al. (2024) also stress on 
the importance of real-time threat intelligence 
and adaptive defense measures. 
The financial insights present another 
organizational reason to implement ML into 
operations. The research suggests that a 1% 
increase in ML automation corresponds to 
saving around $2.3 million per year due to 
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security operation cost-effectiveness. The 
economic benefit can occur because of reduced 
need in monitoring, incident-response expenses, 
avoided unneeded investigations, improved 
prioritization of vulnerabilities, and damage 
caused by successful attacks. Yet, the financial 
connection needs to be interpreted as an 
association rather than a universal fixed return 
on investment due to different costs required for 
implementation. 
The compliance insights presented in the paper 
are also important. Companies implementing 
ML for risk scoring and automated patching 
showed 29% improvement in ISO 27001 
compliance performance. Intelligent 
automation can contribute to compliance by 
providing continuous control monitoring, 
deviation detection, prioritization of actions, 
and maintenance of security documentation. 
That is why ML should not be seen just as a 
cybersecurity technology; it can become a part of 
organizational governance and risk management 
system. 
In the wider context of national cybersecurity, 
the observation of a 33% drop in the 
effectiveness of ransomware attacks in countries 
where there was more than 50% adoption of ML 
systems implies that there is a connection 
between intelligent cybersecurity solutions and 
national cyber resilience. There are, however, 
other factors that affect the national outcome of 
ransomware attacks including law enforcement 
capabilities, critical infrastructure security, 
cooperation between nations, cybersecurity 
awareness, regulatory measures, and reporting of 
incidents. 
Overall, the findings provide support for the 
main hypothesis that machine learning 
technology could revolutionize information 
technology security and turn it from a reactive 
process into a proactive and automated one. The 
areas where machine learning technology 
provided the most benefits included detection 
accuracy, detection speed, response speed, 
reduction of false positives, vulnerability 
management, and prediction of threats. In 
addition, the most value could be extracted by 
integrating machine learning technology in 
different cybersecurity procedures. 
 
 

6. Conclusion 
The current research investigates the impact of 
machine learning on intelligent threat detection 
and automation of the risk management process 
in IT. By employing information on 120 
companies and 4,200 IT managers, the current 
research examines the impact of ML application 
in terms of the efficiency of threat detection, rate 
of false-positives, processing time, 
detection/response time, data breaches, 
vulnerability management, predictive analysis, 
cost-efficiency, compliance, and ransomware 
resistance. 
The results clearly indicate the superiority of the 
performance of the cybersecurity systems based 
on ML. Detection accuracy went up from 78.3% 
for the traditional rule-based cybersecurity 
systems to 94.7% for the systems powered by 
machine learning. At the same time, processing 
time was lowered from 91ms to 42ms; rate of 
false positives decreased by approximately 
41.8%; time for detecting threats reduced by 
63%, and time for response to threats by 57.9%. 
These results suggest that the ML allows for 
increasing both the effectiveness and the 
efficiency of the cybersecurity process at once. 
Moreover, the current study establishes 
significant negative correlations between ML 
application and annual number of breaches, 
detection time, response time, and false-positives 
rate.  
The findings related to finance and governance 
demonstrate how strategically valuable ML can 
be. The automation of cybersecurity improved 
operation efficiency, and the use of ML in risk 
scoring and automated patching correlated with 
29% better performance in ISO 27001 
compliance. A 33% lower ransomware success 
rate in countries that used ML more than any 
other cybersecurity technique demonstrates how 
intelligent cybersecurity tools can contribute to 
digital resilience. 
Consequently, machine learning is not just 
another cybersecurity solution but can serve as a 
strategic risk management solution for IT. The 
biggest benefit can be achieved by the 
combination of machine learning with threat 
intelligence, anomaly detection, vulnerability 
management, response automation, predictive 
analytics, and governance. However, the proper 
functioning of such solutions demands high-
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quality data, skilled cybersecurity professionals, 
governance, constant monitoring of models, and 
protection from adversarial manipulation. 
 
7. Recommendations 
It is important for companies to broaden the use 
of machine learning beyond intrusion detection 
and into the entire cycle of cybersecurity 
processes. ML should also be used in anomaly 
detection, threat intelligence, prioritizing 
vulnerabilities, risk scores, incident response, 
phishing detection, malware analysis, and 
security monitoring in order to enhance 
coordination and proactiveness of the 
cybersecurity processes. 
The company should pay particular attention to 
the real-time ML-powered threat detection since 
the research revealed a 63% decrease in the 
average time required for the detection process. 
It is necessary for the security operation centers 
to incorporate ML-based anomaly detection 
techniques into their security measures along 
with the rule-based ones (Ouariach et al., 2026). 
Risk scoring and vulnerability prioritization 
should be automated within organizations. 
Vulnerabilities should be prioritized on the basis 
of severity, exploitability, asset criticality, threat 
intelligence, and possible business impact. 
Patching should be automated in properly 
evaluated systems, while highly risky changes 
need to be human-approved. 
IT teams should set up specific approaches to 
handling false-positive alerts and analyst fatigue, 
since the study has proven that approximately 
41.8% reduction in false positives is possible. 
Organizations should keep training and 
validating their ML models based on current 
organizational traffic and incidents. Security 
analysts should analyze false-negative cases too, 
since achieving maximum accuracy without 
taking into account advanced threats can pose 
serious security challenges. 
Predictive cybersecurity should be improved 
through integration of historical incidents, 
network behavior, endpoint data, 
authentication data, and threat intelligence 
from outside sources. The fact that the 83% 
predictive detection rate was achieved shows 
that forecasting attacks such as phishing and 
malware is possible. 

Organizations need to put in place sound 
governance and monitoring frameworks related 
to AI technologies. ML solutions should be 
constantly tested in order to detect issues related 
to decreasing accuracy, bias, data drift, 
adversarial attacks, decision explainability and 
excessive automation. Human intervention 
needs to be maintained within high-impact 
security decisions, especially in cases when 
automated actions have an ability to impact 
critical business infrastructure. 
Security technology investments need to be 
assessed using both technical and financial 
performance metrics. Organizations need to 
track detection accuracy, false positive ratio, 
average detection time, average response time, 
breaches' occurrence rate, vulnerability 
remediation time, automation ratio, compliance 
level, and security operation costs. In this way, 
management will be able to assess the value of 
ML security investments from the operational 
perspective. 
ML-based security solutions need to be aligned 
with ISO 27001 and other information security 
governance requirements. Risk assessment, 
continuous monitoring, patch management, 
auditing and incident reporting need to be 
integrated into security management processes. 
Training of IT specialists should be continuous 
on such subjects as machine learning, threat 
intelligence, AI governance, model 
interpretation, and automated security 
operations. Efficacy of ML technology is 
dependent upon the capacity of the 
cybersecurity specialists to interpret the results, 
detect problems in models, and take proper 
decisions in case of emergence of unfamiliar 
threats. 
Finally, future researches should confirm these 
results using real-world cybersecurity data and 
live networks of organizations. Larger datasets 
related to various industries, geographical 
locations, sizes of the organization, and attack 
types will give more evidence about the 
applicability and causal impacts of the ML 
technology. Future researches should also focus 
on comparing various ML and deep-learning 
algorithms and adversarial attacks, model 
interpretation, privacy issues, cost of 
implementation, and sustainability of the 
technology. 
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