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Abstract- The increasing dependence of organizations on 

digital infrastructure has amplified exposure to cyber 

threats that are sophisticated, persistent, and highly 

adaptive. Traditional perimeter-based security 

mechanisms have proven insufficient in detecting and 

mitigating advanced attacks that exploit system 

vulnerabilities, insider access, and zero-day exploits. 

Intrusion Detection Systems (IDS) and Intrusion 

Prevention Systems (IPS) have therefore become central 

components of organizational cyber defense strategies. 

Over the last two decades, research has produced a wide 

range of intrusion detection and prevention models, 

spanning signature-based, anomaly-based, specification-

based, and hybrid approaches, as well as centralized, 

distributed, and collaborative architectures. This paper 

reviews and synthesizes research on IDS and IPS models 

published, with the aim of evaluating their effectiveness in 

enhancing organizational cyber defense. The study 

examines detection techniques, architectural designs, 

deployment strategies, performance metrics, and 

organizational integration challenges. By consolidating 

existing knowledge, the paper highlights key strengths and 

limitations of prevailing models and provides a conceptual 

basis for understanding how intrusion detection and 

prevention mechanisms contribute to proactive, resilient, 

and adaptive cyber defense in organizational contexts. 
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I. INTRODUCTION 

 

Organizations across all sectors increasingly rely on 

interconnected information systems to support core 

operations, decision making, communication, and 

service delivery [1], [2], [3]. This dependence has 

significantly expanded the attack surface available to 

malicious actors, exposing organizations to a wide 

range of cyber threats including malware, denial-of-

service attacks, unauthorized access, data exfiltration, 

and insider misuse [4], [5]. Cyber incidents can disrupt 

operations, compromise sensitive information, 

damage organizational reputation, and result in 

substantial financial losses [6], [7]. As a result, cyber 

defense has become a strategic priority for 

organizations, requiring layered, adaptive, and 

intelligence-driven security mechanisms. 

Early approaches to organizational cybersecurity 

focused primarily on perimeter defenses such as 

firewalls, access control mechanisms, and 

authentication systems. While these controls remain 

essential, they are largely preventive in nature and 

assume that threats originate outside organizational 

boundaries [8], [9]. Over time, it became evident that 

such assumptions are insufficient, particularly in 

environments characterized by mobile computing, 

cloud services, remote access, and complex supply 

chains [10], [11]. Attackers increasingly bypass 

perimeter defenses through social engineering, 

credential theft, misconfigurations, and exploitation of 

trusted relationships. Consequently, organizations 

require security mechanisms capable of monitoring 

system behavior, detecting malicious activity in real 

time, and responding to intrusions that evade 

preventive controls [12], [13]. 

Intrusion Detection Systems (IDS) and Intrusion 

Prevention Systems (IPS) emerged as critical 

components of this defensive posture. IDS are 

designed to monitor network traffic or host activities 

to identify patterns indicative of malicious behavior, 

while IPS extend this capability by actively blocking 

or mitigating detected threats. Together, IDS and IPS 

support the transition from static security models 

toward dynamic and responsive cyber defense 

architectures [14], [15]. Their role is particularly 

important in organizational settings where systems are 

heterogeneous, users exhibit diverse behaviors, and 

threats evolve rapidly. 
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The conceptual foundations of intrusion detection 

were established through the recognition that 

malicious activity often manifests as deviations from 

normal system behavior or as identifiable patterns 

associated with known attacks [16], [17]. Early 

research distinguished between misuse detection, 

which relies on signatures of known attacks, and 

anomaly detection, which models normal behavior and 

flags deviations as potential intrusions [18], [19]. Each 

approach offers distinct advantages and limitations. 

Signature-based systems provide high accuracy for 

known threats but struggle with novel or obfuscated 

attacks. Anomaly-based systems offer greater 

potential for detecting previously unseen attacks but 

are prone to false positives, which can overwhelm 

security teams and reduce trust in detection 

mechanisms [20], [21]. 

As organizational networks grew in scale and 

complexity, intrusion detection models evolved to 

address new challenges. Distributed IDS architectures 

were proposed to monitor activity across multiple 

network segments, while host-based systems focused 

on detecting attacks that bypass network-level 

monitoring [22], [23]. Hybrid systems combined 

network-based and host-based detection to improve 

coverage and accuracy [24], [25]. Research also 

explored specification-based detection, which defines 

expected system behavior through formal rules and 

detects violations of those specifications. These 

developments reflected an ongoing effort to balance 

detection accuracy, computational efficiency, 

scalability, and operational practicality [26], [27]. 

Intrusion prevention introduced additional 

complexities. While detection focuses on identifying 

malicious activity, prevention requires timely and 

reliable decision making to block attacks without 

disrupting legitimate operations [28]. In 

organizational environments, overly aggressive 

prevention mechanisms can lead to service 

degradation, loss of availability, or unintended denial 

of legitimate access. As a result, IPS design must 

carefully consider response strategies, confidence 

thresholds, and integration with broader security 

management processes [29], [30]. Research examined 

various prevention models, including inline network 

devices, host-based enforcement mechanisms, and 

policy-driven response systems that incorporate 

human oversight [31]. 

The effectiveness of IDS and IPS models cannot be 

assessed solely in technical terms. Organizational 

factors such as security policies, governance 

structures, incident response capabilities, user 

awareness, and resource constraints play a critical role 

in determining how these systems contribute to overall 

cyber defense [32], [33]. Many studies have noted that 

technically sophisticated detection models may fail to 

deliver value if they generate excessive false alarms, 

lack interpretability, or are poorly integrated into 

organizational workflows. Conversely, simpler 

models that align well with organizational processes 

may provide more practical benefits despite lower 

theoretical detection performance [34]. 

Another key driver of research has been the increasing 

availability of data and computational resources [35], 

[36]. Machine learning and data mining techniques 

gained prominence in intrusion detection research, 

offering tools for modeling complex patterns in 

network traffic and system behavior. Techniques such 

as decision trees, support vector machines, neural 

networks, clustering algorithms, and ensemble 

methods were widely explored [37], [38]. These 

approaches promised improved detection accuracy 

and adaptability but also introduced challenges related 

to training data quality, model interpretability, and 

computational overhead. In organizational settings, 

concerns about explainability and trust further 

influenced the adoption of learning-based IDS and IPS 

models [39], [40].  

The growing prevalence of advanced persistent threats 

underscored the need for detection models capable of 

identifying low-and-slow attacks that evade traditional 

signatures [41], [42]. Such threats often involve multi-

stage campaigns, lateral movement, and prolonged 

reconnaissance, making them difficult to detect 

through isolated events. Research therefore 

increasingly emphasized correlation, context 

awareness, and behavioral analysis across time and 

system layers [43], [44]. Collaborative and 

cooperative IDS models were proposed to share 

information across organizational boundaries or 

security domains, enhancing situational awareness and 

early warning capabilities [45]. 
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Despite extensive research, organizations continue to 

face challenges in deploying and operating effective 

IDS and IPS solutions. Issues such as high false-

positive rates, limited visibility into encrypted traffic, 

performance overhead, and the shortage of skilled 

security professionals persist [46], [47]. Furthermore, 

the rapid evolution of attack techniques means that 

detection and prevention models must continuously 

adapt to remain effective. These challenges highlight 

the importance of synthesizing existing research to 

understand which models are most suitable for 

different organizational contexts and how they can be 

combined into cohesive cyber defense strategies [48], 

[49]. 

The objective of this paper is to review and synthesize 

intrusion detection and prevention models developed, 

with a focus on their role in enhancing organizational 

cyber defense effectiveness. The paper examines 

detection paradigms, architectural designs, analytical 

techniques, and deployment considerations, drawing 

on a broad body of literature. By consolidating insights 

across these dimensions, the study aims to clarify the 

strengths and limitations of prevailing approaches and 

to provide a structured understanding of how IDS and 

IPS contribute to organizational security resilience. 

The remainder of this paper is organized as follows. 

Section 2 presents a comprehensive literature review 

of intrusion detection and prevention models, 

including detection techniques, system architectures, 

machine learning applications, and organizational 

considerations. Subsequent sections synthesize these 

findings and discuss implications for practice and 

research. 

II. LITERATURE REVIEW 

Research on intrusion detection and prevention has 

evolved significantly as cyber threats have grown in 

sophistication and scale. Early studies focused on 

defining the problem of intrusion detection and 

establishing foundational detection paradigms [3], [7]. 

The seminal distinction between misuse detection and 

anomaly detection shaped much of the subsequent 

research [10]. Misuse detection systems rely on 

predefined signatures that describe known attack 

patterns. These systems are effective at identifying 

previously observed threats with high precision, 

making them attractive for operational deployment. 

However, their dependence on signature databases 

limits their ability to detect novel or polymorphic 

attacks, a weakness repeatedly documented in the 

literature [50], [51]. 

Anomaly detection approaches were introduced to 

address these limitations by modeling normal system 

or network behavior and flagging deviations as 

potential intrusions. Techniques for anomaly detection 

include statistical profiling, time-series analysis, 

clustering, and machine learning [52], [53]. Early 

anomaly-based IDS demonstrated the feasibility of 

detecting unknown attacks but also revealed 

significant challenges related to false positives and 

model drift. In organizational environments, where 

legitimate behavior can vary widely across users and 

applications, defining “normal” behavior is inherently 

complex [54], [55]. 

Specification-based detection represents an 

intermediate approach, combining aspects of misuse 

and anomaly detection. In this paradigm, expected 

system behavior is defined through formal 

specifications, and deviations from these 

specifications are treated as intrusions. Specification-

based IDS aim to reduce false positives while retaining 

the ability to detect previously unknown attacks. 

Studies have shown that this approach is particularly 

effective in well-defined application domains, though 

it requires significant effort to develop and maintain 

accurate specifications [56], [57]. 

Architectural considerations have also played a central 

role in IDS and IPS research. Network-based IDS 

monitor traffic at strategic points within the network, 

providing visibility into communication patterns and 

potential attacks targeting multiple hosts. Host-based 

IDS focus on activities within individual systems, such 

as file access, process execution, and system calls. 

Hybrid architectures combine both approaches to 

improve coverage and accuracy. Distributed IDS 

architectures were proposed to address scalability and 

fault tolerance, enabling detection across large, 

heterogeneous organizational networks [58], [59]. 

Intrusion prevention extended detection research by 

emphasizing automated response. IPS models can be 

implemented inline within network traffic paths or at 

host level, where they intercept malicious activity and 

enforce security policies. Research explored various 
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response strategies, including packet dropping, 

connection termination, access control updates, and 

alert escalation. A recurring theme in the literature is 

the trade-off between responsiveness and reliability, as 

false positives in prevention systems can have severe 

operational consequences [60], [61]. 

The application of machine learning techniques 

became increasingly prominent in IDS research. 

Supervised learning methods such as decision trees, k-

nearest neighbors, support vector machines, and 

neural networks were widely studied for classifying 

network traffic or system events as benign or 

malicious. Unsupervised learning techniques, 

including clustering and self-organizing maps, were 

applied to anomaly detection in environments where 

labeled data were scarce [62], [63]. Ensemble methods 

and hybrid models sought to combine multiple 

classifiers to improve detection accuracy and 

robustness [64]. 

While learning-based models demonstrated promising 

results in experimental settings, their deployment in 

organizational environments raised practical concerns 

[65], [66]. Training data quality, class imbalance, 

evolving attack patterns, and the lack of 

interpretability were frequently cited challenges. 

Security analysts often require explanations for alerts 

to support incident response and forensic analysis, yet 

many machine learning models function as black 

boxes. Research therefore explored feature selection, 

model simplification, and rule extraction techniques to 

enhance interpretability and usability [67]. 

Another important line of research examined IDS 

performance metrics and evaluation methodologies. 

Common metrics include detection rate, false-positive 

rate, accuracy, precision, recall, and response time. 

However, studies emphasized that these metrics must 

be interpreted in the context of organizational goals 

and constraints. For example, a system with high 

detection accuracy but excessive false alarms may be 

impractical for organizations with limited security 

staff. Test datasets, such as benchmark intrusion 

detection datasets, were widely used for evaluation, 

though their representativeness of real-world traffic 

was often questioned [68], [69]. 

The emergence of advanced persistent threats 

prompted research into multi-stage and behavior-

based detection models [70], [71]. These approaches 

focus on correlating events over time, across hosts, 

and across network layers to identify coordinated 

attack campaigns. Techniques such as attack graphs, 

Bayesian inference, and temporal correlation were 

employed to capture the progression of complex 

intrusions. Such models align closely with 

organizational needs, as they support strategic threat 

hunting and long-term risk assessment [72], [73]. 

Collaborative and cooperative intrusion detection 

models were also explored, particularly in contexts 

where information sharing could enhance situational 

awareness. By aggregating alerts and threat 

intelligence from multiple sources, collaborative IDS 

aim to detect widespread or emerging attacks more 

effectively. Research examined trust models, data 

sharing protocols, and privacy considerations 

associated with such collaboration, recognizing both 

its potential benefits and organizational challenges 

[74]. 

From an organizational perspective, the literature 

consistently emphasizes that IDS and IPS 

effectiveness depends on integration with broader 

security management processes. Detection and 

prevention systems must align with incident response 

plans, security policies, compliance requirements, and 

risk management frameworks. Studies have 

highlighted the importance of human factors, 

including analyst expertise, alert fatigue, and 

organizational culture, in shaping the real-world 

impact of IDS and IPS deployments [75], [76]. 

Performance and scalability considerations further 

influence organizational adoption. High-throughput 

networks and resource-constrained environments 

require efficient detection algorithms and 

architectures. Research investigated optimization 

techniques, parallel processing, and hierarchical 

detection models to address performance bottlenecks. 

Energy efficiency and computational overhead were 

also considered, particularly in distributed and 

embedded systems [77], [78]. 

Finally, research addressed the limitations and future 

directions of intrusion detection and prevention. 

Persistent challenges include encrypted traffic 

analysis, insider threat detection, adaptive adversaries, 

and the balance between automation and human 
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oversight. While no single model provides 

comprehensive protection, the literature suggests that 

layered, hybrid, and context-aware approaches offer 

the greatest potential for enhancing organizational 

cyber defense [79], [80]. 

In summary, the literature presents a rich and diverse 

set of intrusion detection and prevention models. 

These models vary in detection paradigms, analytical 

techniques, architectural designs, and organizational 

applicability. Understanding their strengths and 

limitations is essential for designing effective cyber 

defense strategies that can adapt to evolving threats 

and organizational constraints. 

III. CONCEPTUAL FRAMEWORK FOR 

INTRUSION DETECTION AND 

PREVENTION IN ORGANIZATIONAL 

CYBER DEFENSE 

The effectiveness of intrusion detection and 

prevention within organizations depends on more than 

the technical accuracy of detection algorithms. It is 

shaped by the interaction between detection models, 

system architecture, organizational processes, and 

human decision making. Building on the reviewed 

literature, this study proposes a conceptual framework 

that positions intrusion detection and prevention as an 

integrated, adaptive cyber defense capability 

embedded within the broader organizational security 

ecosystem. 

At the core of the framework is the assumption that 

cyber defense effectiveness emerges from the 

continuous interaction between threat observation, 

analysis and classification, response execution, and 

organizational learning. Intrusion detection systems 

serve as the primary mechanism for observing and 

interpreting security-relevant events, while intrusion 

prevention mechanisms operationalize decisions 

through automated or semi-automated responses. 

These functions are not isolated; rather, they form a 

feedback-driven cycle in which detection outcomes 

inform prevention strategies, and prevention outcomes 

refine detection models over time. 

The first component of the framework is the data 

acquisition and monitoring layer, which encompasses 

network traffic, host activity, application logs, and 

user behavior. Organizational environments are 

heterogeneous, containing legacy systems, cloud 

platforms, mobile devices, and third-party services. 

The framework therefore assumes multi-source data 

collection across network-based and host-based 

sensors [81], [82]. The completeness and quality of 

this data directly influence detection performance, 

particularly for anomaly-based and learning-driven 

models. 

The second component is the analysis and detection 

layer, where intrusion detection models operate. This 

layer includes signature-based, anomaly-based, 

specification-based, and hybrid detection 

mechanisms. Signature-based detection provides 

reliable identification of known threats, while 

anomaly-based and behavioral models contribute 

adaptability by identifying deviations from expected 

patterns [83], [84]. Hybrid approaches are emphasized 

in the framework because they balance precision and 

generalization, reducing false positives while retaining 

sensitivity to novel attacks. Machine learning models, 

when applied at this layer, are treated as decision-

support tools rather than autonomous arbiters, 

reflecting organizational concerns regarding 

explainability and trust [85]. 

The third component is the decision and response 

layer, which translates detection outcomes into 

preventive or corrective actions. In IPS-enabled 

environments, this may involve blocking traffic, 

terminating sessions, isolating hosts, or updating 

access control rules [86], [87]. The framework 

recognizes that not all detections should trigger 

automated responses. Instead, response strategies are 

conditioned on confidence levels, asset criticality, and 

potential operational impact. This aligns with findings 

in the literature that overly aggressive prevention can 

disrupt legitimate activity and undermine 

organizational confidence in security systems [88]. 

The fourth component is the organizational integration 

layer, which situates IDS and IPS within governance, 

policy, and incident response structures. Detection and 

prevention systems must align with security policies, 

compliance obligations, and risk management 

frameworks. Alerts and logs generated by IDS and IPS 

feed into incident response workflows, forensic 

analysis, and reporting mechanisms. Human analysts 

play a critical role in validating alerts, investigating 
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incidents, and adapting detection rules, highlighting 

the socio-technical nature of cyber defense [89]. 

Finally, the framework incorporates a learning and 

adaptation layer. Intrusion detection and prevention 

are treated as evolving capabilities rather than static 

tools. Feedback from incidents, false positives, and 

changing threat patterns informs model retraining, 

signature updates, and policy adjustments. This 

adaptive loop is particularly important for addressing 

advanced persistent threats and insider attacks, which 

often evade single-layer defenses [90], [91]. Through 

continuous learning, the organization enhances its 

defensive posture over time. 

Together, these components form a holistic conceptual 

framework that emphasizes integration, adaptability, 

and organizational alignment. Rather than focusing 

solely on algorithmic performance, the framework 

underscores that intrusion detection and prevention 

effectiveness arises from coordinated technical and 

organizational processes. 

IV. METHODOLOGY 

This study adopts a conceptual and analytical 

methodology based on a structured synthesis of 

existing literature on intrusion detection and 

prevention models. Given the objective of evaluating 

and consolidating knowledge developed, the 

methodology does not involve empirical 

experimentation or system implementation. Instead, it 

follows a qualitative, theory-building approach 

suitable for developing integrative frameworks in 

cybersecurity research. 

The methodology begins with a systematic 

identification of relevant studies on intrusion detection 

systems, intrusion prevention systems, machine 

learning-based detection, architectural models, and 

organizational security practices. Peer-reviewed 

journal articles, conference proceedings, technical 

reports, and authoritative standards were considered, 

provided they contributed to understanding detection 

models, prevention mechanisms, or their deployment 

in organizational contexts. Studies focusing solely on 

cryptographic protocols or unrelated aspects of 

information security were excluded. 

Following identification, the literature was 

categorized according to key dimensions, including 

detection paradigm, system architecture, analytical 

technique, response strategy, and organizational 

integration. This thematic classification enabled 

comparison across approaches and facilitated 

identification of recurring patterns, strengths, and 

limitations. Particular attention was paid to studies that 

examined IDS and IPS performance in operational or 

organizational settings, as these provided insight into 

practical challenges beyond theoretical accuracy 

metrics. 

The synthesis process involved iterative analysis, 

where insights from one category informed 

interpretation of others. For example, findings on 

false-positive rates in anomaly detection were 

examined alongside studies on alert fatigue and 

analyst workload to understand organizational 

implications [92], [93]. Similarly, architectural 

discussions were linked to scalability and governance 

considerations. Through this integrative analysis, the 

conceptual framework presented in Section 3 was 

developed as an abstraction that captures common 

principles across diverse models. 

This methodology is appropriate for the study’s 

objective of advancing conceptual understanding 

rather than proposing new detection algorithms. By 

grounding the framework in established research, the 

study ensures theoretical consistency and relevance 

for organizations seeking to enhance cyber defense 

using proven intrusion detection and prevention 

models. 

V. DISCUSSION 

The conceptual framework developed in this paper 

highlights that intrusion detection and prevention 

effectiveness cannot be attributed solely to the 

sophistication of detection algorithms. Instead, 

effectiveness emerges from the alignment of technical 

capabilities with organizational processes, governance 

structures, and human expertise. This observation is 

consistent with a substantial body of literature 

emphasizing that security technologies are embedded 

within socio-technical systems [94], [95]. 

One key implication of the framework is the 

importance of hybrid detection strategies [96], [97]. 
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The literature demonstrates that no single detection 

paradigm is sufficient to address the diversity of cyber 

threats faced by organizations. Signature-based 

systems remain indispensable for detecting known 

attacks efficiently, while anomaly-based and 

behavioral models provide adaptability against 

evolving threats [98]. Organizations that rely 

exclusively on one approach risk blind spots or 

operational overload. The framework therefore 

supports layered detection architectures that combine 

complementary techniques. 

Another important discussion point concerns 

automation versus human oversight. Intrusion 

prevention systems offer powerful capabilities for 

real-time response, but their effectiveness depends on 

careful calibration [99], [100]. Automated blocking 

based on uncertain detections can disrupt critical 

services, particularly in complex organizational 

environments. The framework supports a graduated 

response model in which high-confidence detections 

trigger automated actions, while ambiguous cases are 

escalated to human analysts. This approach reflects 

empirical findings that human judgment remains 

essential for contextual interpretation and strategic 

decision making [101], [102]. 

The framework also underscores the role of 

organizational learning in cyber defense. Many IDS 

and IPS deployments fail to improve over time 

because feedback from incidents and false alarms is 

not systematically incorporated into model updates or 

policy revisions. By explicitly including a learning and 

adaptation layer, the framework aligns with research 

on continuous security improvement and adaptive 

defense strategies [103], [104]. This perspective is 

particularly relevant in addressing long-term threats 

that unfold gradually and evade static detection rules 

[105], [106]. 

From a practical standpoint, the framework suggests 

that organizations should evaluate IDS and IPS 

investments not only in terms of detection accuracy 

but also in terms of integration, usability, and 

maintainability. Systems that generate excessive alerts 

or lack transparency may be underutilized or ignored, 

reducing their defensive value. Conversely, systems 

that align with organizational workflows and analyst 

capabilities are more likely to enhance overall cyber 

resilience. 

VI. CONCLUSION 

This paper has examined intrusion detection and 

prevention models as foundational components of 

organizational cyber defense. Through a 

comprehensive review of research developed, it has 

highlighted the evolution of detection paradigms, 

architectural designs, analytical techniques, and 

organizational considerations that shape the 

effectiveness of IDS and IPS deployments. The study 

demonstrates that while significant technical progress 

has been made, challenges related to false positives, 

scalability, interpretability, and organizational 

integration persist. 

The conceptual framework proposed in this paper 

provides a structured lens for understanding how 

intrusion detection and prevention contribute to cyber 

defense effectiveness. By emphasizing data 

acquisition, detection and analysis, response 

mechanisms, organizational integration, and 

continuous learning, the framework moves beyond 

algorithm-centric perspectives and captures the socio-

technical nature of cybersecurity. It reinforces the 

view that effective cyber defense arises from 

coordinated technical systems and human processes 

rather than isolated tools. 

For organizations, the findings suggest that enhancing 

cyber defense requires balanced investment in 

technology, people, and processes. Intrusion detection 

and prevention systems should be selected and 

configured in ways that align with organizational risk 

profiles, operational constraints, and governance 

structures. For researchers, the framework offers a 

basis for future empirical studies that examine how 

different configurations of IDS and IPS influence 

security outcomes in real-world environments. 

In conclusion, intrusion detection and prevention 

models remain indispensable in organizational 

cybersecurity. Their effectiveness, however, depends 

on thoughtful integration, adaptive learning, and 

alignment with organizational context. By 

consolidating existing knowledge and presenting an 

integrative framework, this paper contributes to a 

deeper understanding of how IDS and IPS can enhance 
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organizational cyber defense effectiveness in an 

evolving threat landscape. 
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