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ANALYSIS OF INFORMATION
TECHNOLOGIES AND METHODS FOR
AUTOMATIC UPDATING OF THREAT
DETECTION MODELS IN COMPUTER

SYSTEMS

The development of intelligent adaptive information technologies
for automatic updating of threat detection models in computer systems is
one of the most important directions in modern research on information
technologies. Computer systems today operate in environments that are
constantly changing, influenced by new software, evolving hardware, and
diverse data processing methods. Traditional static approaches, which rely
on fixed rules or predefined models, often become outdated quickly and
fail to provide the necessary adaptability.

Existing approaches to detection in computer systems have been
studied extensively, and while they provide valuable insights, they also
demonstrate clear limitations. Signature-based methods depend heavily on
known patterns and therefore struggle to identify new or unexpected
phenomena. Heuristic analysis allows for broader generalization but is
frequently associated with high rates of false positives, which reduces its
practical usefulness. Behavioral monitoring can capture dynamic changes
in system activity, yet it requires significant computational resources and
may slow down performance. Machine learning models offer adaptability
and the ability to learn from data, but they demand large amounts of
training information and careful tuning to avoid errors. Hybrid approaches
attempt to combine the strengths of multiple technigues, but they often
face difficulties in seamless integration and optimization within existing
Infrastructures.

Because of these limitations, researchers are increasingly
focused on developing frameworks that incorporate automatic updating
mechanisms. Such frameworks are designed to be self-adaptive, meaning
they can evolve continuously in response to new conditions without
requiring manual intervention. Real-time adaptation is a central feature of
these systems, enabling them to improve accuracy, reduce false positives,
and optimize the use of computational resources.

By integrating intelligent updating mechanisms, information
Iinfrastructures can achieve higher levels of stability and efficiency. This not
only enhances the overall performance of computer systems but also
ensures that they remain relevant and effective in environments where
change is constant. The ability to evolve automatically, without relying on
outdated static methods, positions these technologies as a cornerstone of
future developments in information systems.

The continuous evolution of computational environments
demands solutions that are flexible, intelligent, and capable of real-time
adaptation. By embracing adaptive frameworks, researchers and
developers can create systems that are not only more accurate and efficient
but also more resilient and scalable. This marks a decisive step toward the
next generation of computer systems, where adaptability and automation
are essential for long-term reliability and success.

Keywords: computer systems, threat detection, machine
learning, information technology, automatic update

Introduction
The rapid evolution of information technologies has
encouraged both vendors and researchers to integrate adaptive
mechanisms and automatic updating capabilities into detection
systems within computer environments. As systems grow more
complex and data flows become increasingly dynamic, the need
for solutions that can adjust in real time has become critical. Many
commercial  platforms, open-source frameworks, and
experimental prototypes continue to exhibit recurring
architectural and methodological weaknesses. These limitations
affect the reliability of detection processes, reduce the timeliness
of responses to new conditions, and undermine overall trust in the

consistency of system performance [1].
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A closer examination of representative technologies reveals that while they often succeed in addressing
specific tasks, they struggle to maintain sustained adaptability over long periods of operation. Signature-based
approaches, for example, are constrained by their dependence on predefined patterns, which makes them slow to react
to unforeseen changes in system behavior. Heuristic methods provide broader flexibility but frequently generate
excessive false positives, which complicates their practical application. Behavioral monitoring techniques are valuable
for capturing dynamic processes, yet they demand considerable computational resources and can introduce
performance bottlenecks. Machine learning models offer promise through their ability to generalize and learn from
data, but they require extensive training datasets and careful calibration, and they may still fail when confronted with
novel or highly variable conditions. Hybrid solutions attempt to combine these methods, but they often face integration
challenges and difficulties in achieving seamless scalability [2].

The shortcomings of these approaches highlight the importance of designing frameworks that incorporate
continuous self-adaptation and automatic updating. Such frameworks are not limited to static rules but instead evolve
alongside the systems they monitor. By embedding mechanisms for real-time adjustment, they can improve detection
accuracy, reduce false alarms, and optimize resource utilization. They support scalability, allowing systems to expand
without sacrificing efficiency or responsiveness. This adaptability is essential for environments where workloads, data
structures, and operational requirements change rapidly and unpredictably [3].

The shift toward adaptive updating technologies represents a fundamental transformation in the way
information systems are managed. Instead of relying on rigid, preconfigured models, the new generation of systems
emphasizes automation, flexibility, and intellectual adaptability. These systems are capable of responding quickly to
emerging challenges, maintaining consistent performance, and ensuring long-term reliability. They also provide a
foundation for building resilient infrastructures that can withstand continuous change, making them suitable for
diverse applications ranging from enterprise computing to large-scale distributed networks.

Analysis of methods for automatic updating of threat detection models in computer systems

Modern methods of information technologies for solving complex analytical and organizational tasks
increasingly rely on adaptive, data-driven, and self-optimizing computational approaches. Contemporary large-scale
information environments are characterized by an unprecedented acceleration in both the volume and structural
complexity of processed data. Automated systems, distributed infrastructures, and Al-driven workflows evolve faster
than traditional static analytical mechanisms can adjust. Models that once sufficed for identifying predefined patterns
or rule-based irregularities quickly become outdated in dynamic contexts where operational conditions shift within
hours. This rapidly changing landscape has created a pressing need for intelligent adaptive information technologies
capable of autonomously updating analytical models without continuous human intervention. The essence of such
technologies lies in their ability to integrate continuous learning, contextual awareness, and real-time responsiveness
into the core of modern information systems.

Adaptive intelligence in this field is not limited to incremental improvements of existing algorithms; it
represents a paradigm shift toward systems that are inherently self-correcting and self-optimizing. These systems are
designed to ingest vast streams of heterogeneous data - ranging from communication flows and system logs to
behavioral metrics and textual information - and to recalibrate their analytical thresholds dynamically. Automated
updating ensures that models remain aligned with current operational realities, thereby minimizing periods during
which analytical accuracy may degrade. Furthermore, the integration of reinforcement learning and deep neural
architectures enables such systems to anticipate emerging patterns and structural shifts rather than merely respond to
them, fostering a proactive rather than reactive analytical posture.

Another critical dimension of intelligent adaptive technologies is their interpretability and transparency.
While opaque, black-box models can achieve high predictive accuracy, they often fail to provide meaningful insights
for specialists responsible for overseeing complex information processes. Modern approaches emphasize explainable
Al enabling systems to justify their decisions and highlight the features that influenced specific analytical outcomes.
This interpretability is essential for trust, regulatory compliance, and effective collaboration between automated
mechanisms and human experts. Additionally, ethical considerations are increasingly embedded into the design of
adaptive technologies, ensuring that automation does not compromise privacy, fairness, or the integrity of
organizational processes while still maintaining robust analytical performance.

The convergence of these factors - automation, continuous learning, contextual awareness, interpretability,
and ethical design - defines the current trajectory of research and practice in advanced information technologies. Only
after establishing this conceptual foundation does it become appropriate to examine specific studies and empirical
evidence from 2024-2025 that illustrate how these principles are being implemented in real-world information
systems.

Authors in [4-7] collectively showed how automated signature extraction, hybrid host detection, and temporal
analysis can strengthen intrusion detection systems. Author in [8] investigated the impact of heuristic algorithms on
cyberthreat detection and demonstrated that heuristic search and optimization strategies improved the adaptability of
intrusion detection systems while refining accuracy and reducing computational overhead.

Author in [9] developed an anomaly-driven approach for ransomware identification based on heuristic
analysis and showed that dynamic heuristic monitoring captured evolving ransomware behaviors, offering a flexible
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detection method that adapted to temporal changes in attack strategies. Author in [10] reviewed hybrid Android
malware detection techniques that relied on heuristic-based approaches and concluded that combining heuristic
analysis with other detection methods addressed the complexity of mobile malware and improved resilience against
zero-day threats.

Authors in [11] proposed a heuristic malware detection method that leveraged structured cyber threat
intelligence data and demonstrated that integrating CTI with heuristic models enhanced precision in identifying
malicious activity and supported adaptive updates to detection frameworks. Author in [12] conducted a deep analysis
of nature-inspired and meta-heuristic algorithms for intrusion detection in cloud, edge, and IoT environments,
surveying state-of-the-art techniques, identifying challenges, and outlining future directions while emphasizing
scalability and adaptability. Authors in [13] explored intrusion detection in software-defined networks using
meta-heuristic optimization combined with the K-Nearest Neighbors classifier and showed that optimization
algorithms fine-tuned classical classifiers to achieve higher accuracy and robustness in SDN environments. Author in
[14] introduced a novel hybrid machine learning approach for real-time ransomware detection that incorporated
behavior-driven heuristic features and demonstrated that combining heuristic behavioral analysis with machine
learning models enabled faster and more accurate identification of ransomware activity in live systems. In [15], the
study offered a broad review of how machine learning has been applied in cybersecurity, examining both classical
algorithms and deep learning models. The authors showed that continuous retraining was essential for countering
zero-day exploits, positioning ML as a foundation for adaptive intrusion detection.

The work in [16] turned attention to big data, demonstrating that large-scale analytics combined with Al and
ML improved scalability and accuracy in threat detection. By highlighting the importance of heterogeneous datasets,
the paper underscored how automatic updating of models depends on constant inflows of diverse information.
Research presented in [17] addressed the transformation of Security Operations Centers, showing how Al-driven
automation reduced analyst workload and strengthened real-time detection. This contribution illustrated the practical
role of adaptive updating in environments where rapid response is critical. In [18], the integration of Al into
cybersecurity was analyzed with a focus on detection and response. The study emphasized that machine learning
models could dynamically adjust both identification and mitigation strategies, shortening the gap between recognizing
new threats and deploying countermeasures.

The publication in [19] explored concrete applications of AI and ML in threat detection, presenting
deployment methods for intelligent systems. Case studies demonstrated how hybrid models combining anomaly
detection and signature analysis could be embedded into enterprise infrastructures, ensuring models remain current.
A detailed review in [20] examined malicious insider threat detection, identifying both challenges and opportunities.
The authors showed that ML methods were capable of monitoring subtle behavioral changes, making continuous
updating indispensable for detecting insider risks.

In [21] author investigated anomaly detection based on machine learning, discussing statistical, clustering,
and deep learning approaches. The study highlighted how adaptive retraining allowed systems to capture shifting
baselines of normal activity, reinforcing anomaly detection as a proactive defense against unpredictable attacks. In
[22], the chapter presented a systematic overview of behavioral analysis, showing how profiling user and system
actions can reveal anomalies. It emphasized the role of Al-driven analytics in distinguishing normal processes from
irregular ones, positioning behavioral modeling as a key element of adaptive systems. The study in [23] examined
dynamic behavioral analysis of programs that breach privacy and steal data. Continuous monitoring of execution
traces was shown to capture subtle deviations in system behavior, underlining the importance of models that evolve
alongside changing tactics.

Research in [24] introduced predictive behavioral mapping as a method for autonomous identification of
harmful processes. By forecasting likely actions based on prior behavioral sequences, the work demonstrated how
proactive mapping could strengthen detection before unwanted activity fully unfolds. In [25], an innovative
framework was proposed that relied on adaptive cryptographic behavior analysis. Monitoring encryption operations
was argued to provide reliable indicators of suspicious activity, offering a novel behavioral dimension for analytical
systems.

Heuristic and meta-heuristic methods provide the foundation for adaptability in distributed detection. As
shown in [8], heuristic algorithms allow systems to refine detection rules dynamically, improving accuracy while
reducing computational overhead. This is particularly important in distributed environments, where computational
resources are shared across nodes and efficiency is critical. The work in [9] extended this idea by developing
anomaly-driven approaches for identifying ransomware, demonstrating that heuristic monitoring can capture evolving
behaviors that static signatures miss. Hybrid approaches, such as those discussed in [10] and [11], combined heuristic
analysis with other detection methods, showing that integration with structured intelligence data enhances precision.
Meta-heuristic algorithms, explored in [12] and [13], introduced nature-inspired optimization strategies that scale
effectively across distributed infrastructures such as cloud, edge, and IoT systems. These studies emphasized that
meta-heuristics can fine-tune classifiers and adapt to diverse datasets, ensuring that detection models remain current
even as network conditions evolve. The contribution of [14] further illustrated how hybrid machine learning
approaches enriched with heuristic features can provide real-time detection capabilities, reinforcing the importance of
adaptability in distributed systems.
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Behavioral analysis has emerged as another major direction in the design of distributed detection systems.
Sources [22] through [25] highlighted the importance of profiling user and system actions to identify anomalies before
harmful processes fully manifest. Distributed systems benefit from behavioral analysis because they can collect and
correlate activity data across multiple nodes, creating a more comprehensive picture of network behavior. For
example, [22] presented a systematic overview of behavioral profiling, emphasizing Al-driven analytics as a means
of distinguishing normal processes from irregular ones. [23] and [24] introduced dynamic behavioral analysis and
predictive mapping techniques, showing how continuous monitoring of execution traces can anticipate privacy
breaches and ransomware activity. The innovation in [25] was particularly significant, as it proposed adaptive
cryptographic behavior analysis, demonstrating that monitoring encryption operations across distributed nodes can
serve as a reliable indicator of malicious activity.

The convergence of these methodologies demonstrates that adaptability in distributed detection systems is
not achieved through a single technique but through the integration of multiple approaches. Heuristic algorithms refine
rules dynamically, behavioral profiling anticipates anomalies, hybrid Al models retrain across heterogeneous data,
and graph-based frameworks restructure themselves as interactions change. Together, these methods form the
foundation for systems capable of automatic updating, continuous learning, and efficient operation in environments
characterized by constant change. Importantly, the reviewed literature shows that distributed systems are not only
more resilient but also more scalable, as they can leverage the collective computational power and data diversity of
multiple nodes. This scalability ensures that detection remains effective even in large-scale infrastructures such as
industrial 10T, financial networks, and critical infrastructure systems.

Modern distributed systems for detecting malicious software are defined by their adaptability, scalability,
and integration of diverse analytical methods. The reviewed sources [4]-[25] collectively illustrate that the future of
detection lies in architectures that are continuously evolving, capable of retraining themselves on new data,
restructuring their models as network conditions change, and updating automatically to remain effective against
emerging threats. These systems represent a paradigm shift from static, centralized detection toward dynamic,
distributed architectures that embody the principles of continuous learning and proactive defense.

The analysis of the reviewed information technologies reveals a consistent set of systemic shortcomings that
persist across diverse methodological approaches and architectural designs. Despite significant progress in adaptive
modeling, automated updating, and large-scale data processing, these technologies remain constrained by several
foundational limitations. Foremost among them is the dependence on data quality, consistency, and
representativeness: heterogeneous, noisy, or sparsely labeled datasets frequently undermine analytical accuracy and
impede the reliability of adaptive recalibration.

A second major limitation concerns model interpretability and transparency. Complex architectures-
particularly those based on deep learning, hybrid frameworks, or meta-heuristic optimization-often function as opaque
structures, making it difficult for specialists to understand decision pathways or validate analytical outcomes. This
lack of interpretability complicates oversight, reduces trust, and limits the practical integration of automated systems
into organizational workflows.

The reviewed technologies exhibit architectural fragility, especially in distributed environments. Automatic
updates, while essential for adaptivity, frequently introduce regressions, version mismatches, or configuration
conflicts. Distributed infrastructures amplify these issues through inconsistent synchronization, uneven resource
availability, and heterogeneous device capabilities, all of which contribute to analytical instability.

Another recurring shortcoming is the computational overhead associated with large-scale adaptive systems.
Continuous monitoring, real-time model updates, and high-dimensional data processing impose substantial resource
demands, making many solutions difficult to deploy in constrained or heterogeneous environments. Even advanced
hybrid and graph-based approaches, though powerful, often require extensive preprocessing, optimization, and
maintenance to remain effective.

The general shortcomings across the examined technologies underscore a central challenge: true adaptability
requires not only advanced algorithms but also stable data ecosystems, interpretable models, resilient architectures,
and coordinated methodological integration. Without addressing these structural limitations, the full potential of
intelligent adaptive information technologies cannot be realized.

The evaluated studies were systematically compared using a unified set of criteria designed to capture the
essential qualities of contemporary information system methodologies. By examining latency, complexity, reliability,
functionality, and maintainability, the table highlights how different methodological groups align with or diverge from
the requirements of adaptive and scalable distributed information systems. This structured comparison (Table 1)
provides a clear foundation for identifying both the strengths and the inherent limitations of existing approaches.

A comprehensive evaluation of the examined methods through the established system of criteria-latency,
complexity, reliability, functionality, and maintainability-demonstrates that existing approaches within the field of
this research remain insufficient for effectively addressing the broader task of constructing adaptive, scalable, and
continuously self-updating distributed analytical systems. Methods based on static rule sets and predefined patterns,
despite their conceptual simplicity, exhibit high latency, limited functional coverage, and poor maintainability. Their
dependence on manual configuration and rigid logic structures prevents them from responding adequately to dynamic
changes in system behavior, data flows, or operational conditions. As modern information environments evolve
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rapidly and unpredictably, such rigidity creates persistent gaps between real-world system states and the system’s
internal representation, undermining long-term operational efficiency.

Table 1.
Evaluation of methodological approaches based on information system criteria
Paper Latency Complexity Reliability Functionality Maintainability | Main Cons
[4-5] High level Low level Low level Low level Low level Static methods failed to
implementation | implementation implementation | implementation | implementation | detect new threats. High level
implementation latency made
them unsuitable for real-time
use.
[6-9] Low level Medium level Low level Medium level High level Heuristic  models  were
implementation | implementation implementation | implementation | implementation | flexible but unstable under
varying loads. Frequent false
positives reduced reliability.
[10-12] Medium level High level Medium level Medium level Medium level High level implementation
implementation | implementation implementation | implementation | implementation | algorithmic complexity
increased resource usage.
Deployment in constrained
environments was difficult.
[13-14] Medium level Low level Medium level Low level Medium level Limited feature sets reduced
implementation | implementation implementation | implementation | implementation | coverage of diverse attacks.
Generalization across
networks remained weak.
[15-17] Low level Medium level High level Medium level Low level Models required constant
implementation | implementation implementation | implementation | implementation | retraining. Detection quality
degraded quickly without
continuous updates.
[18-19] Medium level Medium level Medium level High level Medium level Performance depended on
implementation | implementation implementation | implementation | implementation large datasets. Integration
into existing infrastructures
demanded significant effort.
[20-21] Low level High level Medium level Medium level Medium level Complex behavioral
implementation | implementation implementation | implementation | implementation | baselines required heavy
computation. Profiles needed
frequent recalibration.
[22-24] Medium level Medium level High level Low level Low level Narrow behavioral focus
implementation | implementation implementation | implementation | implementation | limited functionality.
Updating models across
nodes was
resource-intensive.
[25] High level Low level Medium level Medium level High level Monitoring encryption
implementation | implementation implementation | implementation | implementation | caused delays. Distinguishing
signals  from  malicious
encryption was inconsistent..

Heuristic and hybrid heuristic approaches partially mitigate these limitations by introducing flexible rule

adaptation and context-aware decision mechanisms. When assessed through the criteria, they reveal instability across
heterogeneous nodes, inconsistent performance under varying workloads, and sensitivity to fluctuations in data
quality. These characteristics reduce overall reliability and complicate deployment in large-scale distributed
infrastructures, where uniformity of behavior is essential for coordinated operation. Even when latency and
maintainability improve, the absence of stable cross-node generalization limits their practical applicability.

Meta-heuristic and nature-inspired optimization techniques offer stronger adaptability and scalability,

particularly in environments characterized by diverse data sources and distributed processing. These advantages come
at the cost of significantly increased algorithmic complexity. High level implementation computational demands,
intricate parameter tuning, and environment-specific optimization procedures hinder maintainability and restrict
integration into resource-constrained subsystems such as edge devices or embedded controllers. As system conditions
evolve, previously optimized configurations often lose effectiveness, requiring repeated recalibration that is both
time-consuming and resource-intensive.

Data-driven and machine-learning-based methods demonstrate higher functional capacity and improved

ability to model complex relationships within distributed information systems. They support continuous refinement
and can incorporate heterogeneous data streams, which aligns with the need for adaptability. Nevertheless, the
criteria-based analysis reveals structural limitations: these methods depend heavily on large, diverse, and consistently
updated datasets; they require ongoing retraining to prevent model drift; and they impose substantial operational
burdens related to data management, model maintenance, and infrastructure coordination. As a result, reliability and
maintainability become difficult to sustain over extended periods, especially in environments where data distributions
shift frequently.
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Behavioral and dynamic analytical approaches contribute valuable insights by modeling system processes,
user interactions, and operational patterns over time. They often achieve higher reliability within their specialized
domains but exhibit narrow functional scope and limited generalizability. Maintaining synchronized behavioral
baselines across distributed nodes is resource-intensive, and even minor deviations in normal system usage can
necessitate recalibration. This creates a tension between sensitivity and stability: systems either become too rigid to
accommodate natural variability or too sensitive to operate efficiently at scale.

Taken together, these observations reveal a fundamental structural gap: no existing methodological family
simultaneously satisfies the combined requirements of low latency, controlled complexity, high reliability, broad
functionality, and sustainable maintainability within distributed information systems. Each approach optimizes only
a subset of criteria while compromising others. Static methods favor simplicity but lack adaptability; heuristic and
meta-heuristic methods enhance adaptability but struggle with stability and complexity; data-driven models improve
functionality but impose heavy maintenance demands; behavioral approaches offer depth but lack breadth and
scalability.

This multidimensional insufficiency becomes especially pronounced in modern distributed information
environments, where systems must operate across heterogeneous nodes, process diverse data streams, and adjust
continuously to evolving operational conditions. Effective solutions must not only analyze current states but also
restructure themselves dynamically, coordinate knowledge across nodes, and maintain consistent performance despite
variability in data, workload, and system topology. Existing methods, even in their most advanced forms, remain
fragmented and domain-specific. They do not provide mechanisms for unified coordination, cross-node knowledge
integration, or autonomous restructuring of analytical logic.

Therefore, the criteria-based analysis clearly indicates that current methods are inadequate for fully resolving
the task of building adaptive, scalable, and self-maintaining distributed information systems. What is required is an
integrated framework that unifies heuristic adaptability, behavioral modeling, data-driven generalization, and
structural awareness of distributed architectures, while explicitly optimizing all criteria as interconnected design
objectives.

This comparative analysis exposes a fundamental problem in current threat detection technologies: no single
existing solution maximizes speed, accuracy, and specificity simultaneously. We currently have methods that are
specific but slow and blind to new attacks, or methods that are fast and accurate but less stable. This unresolved trade-
off highlights an urgent and critical need to develop a new class of intelligent adaptive information technologies.
Future research must focus on developing a unified method capable of automatic model updating that synthesizes the
low latency and high accuracy of hybrid architectures with the strict specificity of traditional approaches, thereby
bridging the gap between stability and adaptability in complex analytical environments.

Analysis of information technologies for automatic updating of threat detection models in computer systems

Information technologies today serve as a universal foundation for solving complex and diverse tasks,
providing tools for automation, adaptability, and intelligent decision-making in rapidly changing computational
environments.

The information technology, implemented in Microsoft Defender for Endpoint [26], is designed to process
large-scale telemetry data and apply continuously updated machine learning models in order to adapt detection logic
across distributed computer systems. Its core function is to provide automated adjustment of analytical models,
ensuring that endpoints remain aligned with evolving operational conditions. However, the technology demonstrates
a significant weakness due to its reliance on centralized cloud orchestration. When cloud services experience outages
or latency, the updating of models, ingestion of telemetry, and execution of response actions are delayed, which
reduces the timeliness and reliability of the system. Another limitation arises from the dependence on extensive
behavioral data: while such data improves adaptive accuracy, regulatory restrictions can limit telemetry collection,
thereby reducing the effectiveness of the models. Automatic updates, although essential for adaptability, may also
introduce regressions or false positives when new logic is deployed globally without sufficient validation for specific
environments, leading to instability in heterogeneous infrastructures. Furthermore, the technology faces challenges in
handling concept drift, particularly when legitimate administrative-like activities resemble anomalous behavior. This
issue is amplified by the increasing use of system-native binaries and signed drivers, which complicates the ability of
behavior models to distinguish between normal operations and subtle misuse. Overall, while the technology provides
advanced adaptive capabilities for updating detection models, its architectural dependencies and methodological
constraints highlight the need for more resilient, context-aware approaches within information systems.

The informational technology, implemented in CrowdStrike Falcon [27], emphasizes large-scale analytical
processing and streaming data interpretation that adjust operational models in near real time. Its cloud-centric
architecture centralizes computational pipelines, which increases dependence on unified orchestration layers and
introduces structural rigidity that can limit autonomous functioning during service interruptions. Organizations
encounter opaque analytical pathways: model updates and scoring mechanisms are delivered as managed components
with limited interpretability, complicating retrospective evaluation and methodological transparency. Adaptive
enrichment mechanisms reduce redundant signals in common scenarios but may underrepresent rare, gradual, or
low-frequency patterns, creating analytical blind zones in long-horizon processes. Continuous data streaming imposes
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bandwidth and storage demands, while strict data residency constraints can fragment deployments, reducing the
uniformity of adaptive recalibration across distributed infrastructures.

The digital analytical framework, deployed in Cortex XDR [28], integrates endpoint, system, and
cloud-originated signals into unified adaptive models. Although cross-domain correlation enhances contextual depth,
the complexity of integration extends calibration cycles and increases the effort required to maintain consistent
analytical behavior. Automatic incorporation of new indicators and analytical components may produce brittle model
states tied to transient patterns, elevating maintenance overhead. The ubiquity of encrypted communication reduces
the visibility of deep data structures; attempts to enable full inspection introduce performance and privacy trade-offs
that many environments avoid, thereby constraining adaptive analytical refinement. The platform’s reliance on a
consolidated data lake also introduces susceptibility to data quality degradation: polluted logs or mislabeled events
can distort model behavior across tenants if validation controls are insufficient.

The adaptive computational system, underlying Darktrace [29], positions unsupervised learning as a
mechanism for modeling operational baselines and autonomously adjusting to evolving patterns. The central
methodological challenge is concept drift: legitimate changes in organizational workflows, communication patterns,
or seasonal activity repeatedly trigger recalibration cycles, generating excessive notifications and reducing the
efficiency of human oversight. The system’s opaque internal logic limits interpretability; when automated actions
occur, the absence of transparent rationale undermines trust and may disrupt normal operations. Sophisticated
deviations can mimic established baselines to remain within learned boundaries, and the lack of robust cross-entity
semantics can misclassify multi-stage processes in which each individual step appears benign when evaluated in
isolation.

The computational analytical platform, represented by Elastic Security [30], combines rule-based analytics,
adaptive models, and extensible data pipelines. Automatic updates to rules and models in distributed clusters are
vulnerable to version inconsistencies, index mapping drift, and pipeline fragmentation, producing uneven analytical
outcomes across nodes. Anomaly-detection jobs require careful feature engineering; default configurations often
underperform in specialized environments, leading either to excessive redundant signals or to missed subtle
deviations. Because many organizations self-manage Elastic deployments, adaptive effectiveness depends heavily on
internal data quality, schema discipline, and CI/CD rigor-areas where resource-constrained teams frequently struggle,
resulting in stale models and inconsistent analytical coverage.

The intelligent analytical platform, augmented in IBM Qradar [31], incorporates natural-language-driven
ingestion of structured and unstructured information to update analytical content dynamically. This approach depends
strongly on the quality and reliability of textual sources; noisy, contradictory, or low-fidelity inputs lead to misaligned
prioritization and diluted analytical clarity. Automatic integration of new information into correlation logic can overfit
to recent narratives while underrepresenting long-standing structural patterns. The scale of QRadar deployments
complicates the testing of adaptive changes; large-scale rollouts impose significant computational and storage loads,
prompting teams to disable certain analytical components, which undermines the intended continuity of model
evolution.

The analytical information framework, exemplified by Google Chronicle [32], provides cloud-scale
processing capabilities with continuously evolving analytical content. Its advantages in storage and high-speed search
are counterbalanced by dependency on upstream normalization quality; heterogeneous data sources often produce
uneven enrichment that complicates adaptive model behavior. The sheer volume of aggregated information
encourages broad analytical generalizations, yet precision declines when contextual metadata is sparse or siloed.
Chronicle’s multi-tenant infrastructure amplifies concerns around cross-tenant propagation of flawed analytical logic
if shared content pipelines distribute misaligned updates. Additionally, data egress constraints and residency
requirements limit full consolidation of organizational datasets, restricting comprehensive adaptation across
distributed environments.

The computational data-driven environment, represented by Splunk Enterprise Security [33], relies on
continuously updated correlation logic and modular analytical toolkits. Automatic updates to search components can
disrupt custom dependencies, producing analytical gaps until manual adjustments are completed. Many
machine-learning extensions assume stationary data distributions; in high-variability environments, retraining must
occur frequently to maintain relevance, increasing computational costs and administrative workload. Splunk’s flexible
schema is advantageous, yet it enables inconsistent data modeling across teams; adaptive models trained on one subset
may perform poorly elsewhere due to divergent field semantics and heterogeneous ingestion practices.

The intelligent processing mechanism, embedded in SentinelOne Singularity [34], emphasizes autonomous
endpoint-level analytics with frequently updated models. On-device analytical components are constrained by local
computational resources; intensive feature extraction or frequent recalibration can degrade user experience.
Automated rollback and remediation workflows are valuable, yet false classifications at this layer directly affect
productivity, prompting policy relaxation that reduces analytical strictness. Low level implementation-level system
interactions introduce additional complexity: timing inconsistencies and reliance on signed system components can
momentarily reduce analytical coverage when model regressions occur before corrective updates propagate.

The integrated analytical infrastructure, utilized in Cisco SecureX [35], focuses on cross-product
orchestration and adaptive enrichment of operational data. Its effectiveness depends on consistent integration fidelity
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across a diverse ecosystem; version mismatches and evolving APIs frequently disrupt automated workflows.
Automated playbooks that incorporate new informational inputs may inadvertently amplify noise when upstream feeds
are insufficiently validated, creating cascades of low-quality actions. The adaptive posture relies on broad telemetry
coverage; gaps in non-Cisco tools and legacy systems create isolated zones where updates cannot be uniformly
applied, resulting in uneven analytical performance.

The adaptive computational apparatus, implemented in Fortinet FortiEDR [36], provides real-time processing
with dynamically adjustable rules and automated mitigation routines. Inline operational controls require conservative
thresholds to avoid disrupting legitimate processes; this caution allows subtle deviations to blend into normal activity
patterns. Automatic policy updates risk compatibility issues with specialized applications, triggering operational
interruptions that necessitate emergency rollbacks. When telemetry flows primarily through Fortinet’s ecosystem,
multi-vendor environments experience limited context sharing, reducing the precision of adaptive recalibration.

The automated analytical environment, present in Sophos Intercept X [37], blends deep-learning-based
modeling with dynamic update mechanisms. Models trained on historical corpora are vulnerable to dataset bias;
emerging software behaviors or novel operational patterns may evade accurate classification until retraining cycles
catch up. Feature drift in endpoint metrics produces false classifications during legitimate software updates. The
platform’s managed-service option reduces administrative burden but introduces latency in fine-tuning for atypical
workloads, especially in environments with unique operational profiles.

The digital processing framework, embodied in Trend Micro Apex One [38], employs behavior-oriented
monitoring and automated pattern updates. Its reliance on pattern-based heuristics becomes strained under heavy
encryption and ephemeral cloud workloads, where observable features are limited. Automatic updates occasionally
cause policy conflicts in virtualized or containerized environments, requiring manual exceptions that accumulate over
time and erode analytical consistency. Model transparency is limited; tuning decisions often rely on iterative
experimentation, extending the time required to achieve stable analytical performance.

The adaptive information system, integrated within Trellix MVISION [39], unifies analytics across endpoint,
network, and cloud-based components. The consolidation of legacy and modern modules introduces heterogeneity
that complicates synchronized updates. Automatic content delivery conflicts with on-premises change-control
processes, creating delays and partial deployments. Inter-component trust relationships introduce systemic fragility:
if one domain’s model degrades, cross-domain correlation can propagate analytical errors, reducing overall confidence
in system-wide outputs.

The computational modeling environment, utilized in Rapid7 InsightIDR [40], enables continuous behavioral
analytics with frequently updated content. Its effectiveness depends on stable identity and organizational data;
misconfigurations, shadow accounts, or inconsistent directory structures distort baselines and produce misleading
anomalies. Automatic detections optimized for common environments generate excessive notifications in highly
dynamic development or testing contexts. Resource limitations in mid-market deployments lead to sampling or
reduced historical windows, weakening adaptive learning and diminishing long-term analytical accuracy.

The structured analytical environment, exemplified by Sumo Logic Cloud SIEM [41], delivers streaming
data processing with dynamically adjustable rules. Multi-tenant rule sets must generalize across diverse environments,
yet such generalization increases redundant outputs for specialized operational contexts. Automated pipelines assume
consistent log formats; frequent vendor-driven schema changes disrupt feature extraction, reducing analytical quality
until mappings are manually restored. Cost constraints often compel organizations to limit data ingestion, weakening
the feedback loops required for robust adaptive recalibration and diminishing long-term analytical precision.

The computational interpretation framework, represented by Zeek [42] with machine-learning extensions,
provides detailed protocol-level analysis and adaptive anomaly modeling. Modern encryption reduces the visibility of
internal data structures, forcing reliance on metadata-based features that offer weaker analytical signals.
Machine-learning add-ons require curated training data; most deployments lack sufficient labeling discipline, causing
unsupervised detectors to over-alert on benign novelty. Automatic classifier updates across distributed sensors risk
inconsistency, producing uneven sensitivity and fragmented situational awareness across the infrastructure.

The automated analytical mechanism, applied in Snort and Suricata [43] with ML augmentations, attempts
to merge signature-based logic with adaptive anomaly modeling. Signature components remain structurally rigid;
automatic generation from shared repositories introduces duplicates and conflicts that degrade performance.
Anomaly-detection modules trained on controlled laboratory data often fail to generalize to production environments,
prompting teams to disable them. Continuous rule tuning imposes computational overhead; in high-throughput
systems, adaptive detectors are throttled, allowing unprocessed data to pass during peak operational loads.

The integrated information-processing platform, embodied in OSSEC and Wazuh [44], provides host-centric
analytical baselines with auto-updating rule sets sourced from external repositories. Host-level baselines are highly
environment-specific; automatic rule injections rarely account for bespoke software stacks, producing persistent
redundant outputs that lead to permissive exclusions. File-integrity monitoring generates noise during legitimate
updates, and if adaptive suppression is overly aggressive, meaningful modifications may go unnoticed. Centralized
managers become structural chokepoints, and outages delay adaptive recalibration across distributed agents.

The adaptive data-distribution framework, implemented in MISP [45], automates the dissemination of
structured informational elements that downstream systems use to update analytical logic. The primary limitation is
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rapid indicator turnover: operational identifiers change frequently, so heavy reliance on them yields short-lived
analytical improvements and long-term maintenance burden. Feed quality varies significantly; unvetted community
contributions propagate inaccurate or stale elements that contaminate adaptive pipelines. Mapping high-level
conceptual patterns to concrete, environment-specific analytical logic remains a manual, error-prone task that
automated import mechanisms cannot fully resolve.

The knowledge-driven analytical infrastructure, represented by OpenCTI [46], centralizes information about
entities, relationships, and operational contexts to support adaptive strategy formation. However, translating
knowledge graphs into executable analytical logic requires consistent ontologies and integration code that many teams
lack. Automatic synchronization can overwhelm downstream systems with contextual data that is not operationally
actionable, increasing cognitive load without improving analytical precision. As with all knowledge-driven adaptation,
if upstream taxonomies drift, downstream analytical components become misaligned.

The rule-based computational environment, exemplified by YARA and Sigma [47], often relies on
auto-generated or auto-updated patterns sourced from shared repositories to maintain relevance. Generated patterns
tend to overfit publicly available samples; polymorphic or dynamically shifting data structures evade pattern matching.
Automatic ingestion introduces duplication and conflicts across rule sets, and without rigorous testing, updates break
pipelines or generate excessive outputs. Maintaining rule hygiene at scale is labor-intensive; attempts to automate this
process frequently overlook environment-specific constraints [48].

The distributed analytical paradigm, explored in federated learning prototypes, aims to adapt models across
multiple organizations without sharing raw data. In practice, non-uniform data distributions, heterogeneous feature
spaces, and inconsistent preprocessing hinder convergence, producing models that perform unevenly across
participants. Gradient updates may inadvertently reveal information through inference techniques, challenging privacy
assumptions. Communication overhead and straggler effects slow adaptation, while secure aggregation mechanisms
introduce operational complexity that many teams are not equipped to manage.

The automated model-evolution framework, utilized in continuous retraining pipelines, promises ongoing
analytical refinement through frequent model refresh cycles. These pipelines are fragile: data-quality issues, label
contamination, and silent feature drift produce degraded models that are nevertheless deployed automatically.
Governance requirements-such as audit trails and approval workflows-introduce delays that undermine the notion of
continuous adaptation. Rollback mechanisms often focus on code rather than model state; when a flawed model is
deployed, reverting distributed inference endpoints is non-trivial and creates windows of analytical inconsistency.

The analysis of the above-described information technologies has shown that contemporary
information-analytical platforms, regardless of their architectural paradigms or functional orientations, exhibit a
shared tendency toward increasing structural complexity, heightened dependence on data quality, and sensitivity to
methodological constraints. Across all examined systems, the pursuit of adaptivity, automated model evolution,
large-scale data processing, and unified interpretation of heterogeneous inputs is evident, yet their practical
effectiveness is shaped not only by computational capabilities but also by infrastructural stability, schema consistency,
disciplined data governance, and the organizational capacity to maintain coherent analytical workflows.

The synthesis of observations demonstrates that centralized cloud-orchestrated mechanisms simultaneously
provide scalability and introduce systemic dependencies, while distributed architectures suffer from fragmentation,
uneven updates, and inconsistent analytical behavior. Automation, although essential for continuous refinement,
frequently results in regressions, configuration conflicts, excessive signal generation, or diminished precision,
particularly when updates propagate faster than validation processes can ensure contextual correctness. Many
platforms rely on assumptions of stable baselines, uniform data semantics, or predictable operational patterns-
conditions that rarely hold in dynamic, heterogeneous environments.

The analysis reveals that adaptive models are highly sensitive to concept drift, data sparsity, schema
divergence, and inconsistent enrichment, which collectively undermine long-term analytical reliability. The
integration of diverse data sources introduces additional challenges: normalization discrepancies, ontology
misalignment, and cross-component dependencies often lead to analytical incoherence. Even advanced
knowledge-driven or federated approaches struggle with non-uniform data distributions, labeling inconsistencies, and
the operational overhead of maintaining synchronized model states.

Experimental research of the methods and tools for automatic updating of threat detection models in
computer systems

When evaluating the efficency of information technology systems in processing security data, it becomes
evident that performance depends on a synergy of qualities designed to identify complex patterns and anomalies. In
the modern landscape of cybersecurity, a truly capable IT system must not only detect known threats but also update
its analytical models quickly and continuously to maintain accuracy as attack vectors evolve. To empirically validate
the current state of detection technologies, a comprehensive comparative analysis was conducted focused on three
critical performance indicators: operational speed, detection accuracy, and false alarm minimization.

The response latency was measured to assess the system's applicability in real-time environments, as every
millisecond of delay can lead to data loss in high-speed networks. As illustrated in Figure 3, a distinct performance
gap exists between traditional and modern architectures. While traditional signature-based methods were historically
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considered fast, the data shows they now exhibit the highest latency at 120 ms, likely due to the "database bloat"
phenomenon where the sequential scanning of millions of known signatures creates significant computational
bottlenecks. In contrast, Hybrid Systems and Graph-based approaches demonstrated superior processing speeds,
achieving average response times of 55 ms and 60 ms respectively, proving that modern architectural combinations
can handle data flows much more efficiently than rigid database scanning.

The system's ability to correctly identify genuine threats, known as the True Positive Rate (TPR), was
evaluated. A high TPR is paramount for ensuring that sophisticated, polymorphic, or zero-day attacks do not bypass
the security perimeter. As shown in Figure 1, traditional signature-based methods demonstrated a critical lack of
effectiveness with only 50% accuracy, confirming that static pattern matching is virtually useless against evolving
threats. Conversely, Hybrid Systems led the performance with a 90% detection rate, followed closely by Graph-based
methods at 85%, highlighting that combining multiple analysis layers is essential for detecting complex anomalies
that miss a single-method filter.

The True Negative Rate (TNR) was analyzed to measure system specificity, which ensures that legitimate
user traffic is not erroneously blocked. As presented in Figure 2, signature-based methods demonstrated their only
remaining competitive advantage by achieving the highest specificity at 99.0%, ensuring minimal false positives.
While Hybrid and Graph-based systems performed well, achieving 96.0% and 97.0% respectively, they still lag
slightly behind the strict stability of signatures, creating a potential risk of "alert fatigue" where analysts are
overwhelmed by false alarms.

Average Response Latency for Threat Detection Methods
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Conclusions

The conducted analysis demonstrates that modern information technologies for automatic updating of
analytical models in computer systems have reached a high level of conceptual maturity, yet they remain constrained
by several systemic limitations that prevent them from fully meeting the requirements of contemporary large-scale
information environments. The comparative evaluation of methodological approaches using the criteria of latency,
complexity, reliability, functionality, and maintainability reveals that no existing class of methods provides a balanced
and sustainable solution capable of supporting continuous adaptation in dynamic and heterogeneous computational
infrastructures.

Traditional static and rule-based approaches, despite their simplicity and low computational demands, lack
the flexibility required to operate effectively in environments characterized by rapid structural and behavioral change.
Their high latency and limited functional scope make them unsuitable for systems that must adjust in real time.
Heuristic and hybrid heuristic methods introduce greater adaptability, yet their instability under varying workloads
and sensitivity to data fluctuations reduce overall reliability. These methods often require frequent recalibration, which
complicates long-term maintenance in distributed settings.

Meta-heuristic and nature-inspired optimization techniques demonstrate strong scalability and the ability to
fine-tune analytical models across diverse datasets. However, their high algorithmic complexity and substantial
resource requirements limit their applicability in constrained or heterogeneous infrastructures.
Machine-learning-based approaches offer broader functional capabilities and support continuous learning, but they
depend heavily on large, representative datasets and require ongoing retraining to maintain accuracy. This creates
significant operational overhead and reduces maintainability, especially when data distributions shift unpredictably.

Behavioral and dynamic analytical methods provide valuable insights into system processes and user
interactions, yet their narrow specialization restricts their general applicability. Maintaining synchronized behavioral
baselines across distributed nodes is resource-intensive, and even minor deviations in normal system activity may
necessitate extensive recalibration. As a result, these methods struggle to achieve stable performance in large,
heterogeneous environments.

The synthesis of these findings indicates that the primary challenge lies not in the absence of effective
analytical techniques but in the lack of an integrated framework capable of unifying adaptability, scalability,
interpretability, and automated updating within a single architectural paradigm. Existing methods tend to optimize
individual criteria while compromising others: approaches with low latency often lack functionality, highly functional
models exhibit excessive complexity, and methods with strong adaptability impose heavy maintenance burdens.

The development of next-generation information technologies requires a shift toward architectures that
combine continuous learning, structural self-organization, and coordinated updating across distributed nodes. Such
systems must be capable of autonomously recalibrating analytical models, integrating heterogeneous data streams,
and maintaining stable performance despite fluctuations in workload, data quality, and system topology. Achieving
this balance will enable information infrastructures to operate more efficiently, remain resilient to ongoing change,
and support long-term scalability without relying on outdated static mechanisms.

The future research will be devoted to the development of an integrated, multi-layer information technology
for automated updating of analytical models in large-scale computer systems, designed specifically to overcome the
identified trade-offs between latency, adaptability, scalability, interpretability, and maintainability. The research will
focus on creating a unified architectural paradigm that enables continuous model evolution under dynamic workloads,
heterogeneous data streams, and changing system topology, while preserving predictable quality of service and
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minimizing operational overhead. The research has to be concentrated on the formulation of a formal architectural
framework for distributed analytical model updating. This includes defining a reference architecture that separates
concerns into coordinated layers: a data acquisition and harmonization layer responsible for collecting and
normalizing heterogeneous telemetry and domain data; an edge-level model adaptation layer that performs low-
latency incremental updates close to data sources; a global coordination layer that ensures consistency, stability, and
policy enforcement across distributed nodes; and a lifecycle governance layer that provides monitoring, auditability,
rollback mechanisms, and explainability. For each layer, the research will specify interfaces, control signals, required
metadata, and performance constraints, enabling reproducible deployment across diverse infrastructures (cloud, edge,
10T, and hybrid cluster environments).
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3a6e3neyeHHs], PO3BUTKY arapaTtHoOro 3ab€3reYeHHs Ta PI3HOMaHITHUX METORIB 06PO6Ku Aarnx. TPaanLIiviHi CTatmyHi rigxoan, Lo
6a3yoTbC Ha QhikcoBaHmx rpasuiax abo 3a3faserifib BUSHAYEHUX MOAE/ISX, YaCTO WBMAKO 3acTapiBatoTb | HE 3abe3rneyyiors
HEOOXIAHOI aAaNMTUBHOCTI.

IcHyro4i nigxoan [0 BUSBIIEHHS B KOMITIOTEDHUX CUCTEMAX OyJin PETE/ILHO BUBYEH], [ XO4a BOHN AaI0Th LIHHY iHGOopMaLlito,
BOHUN TaKOX AEMOHCTPYIOTH SBHI 06MEXeHHS. MeToan, 3aCHOBaHI Ha CUrHaTypax, Cu/IbHO 3a/exXarts Bif BiAOMUX LWABJIOHIB | TOMy
MaroTb TPYAHOLI 3 [AEHTUQDIKALIIED HOBUX 360 HECTTORIBaHUX SBULY. EBPUCTUYHMI aHa/li3 [O3BOJISE LUMPLUE y3ara/lbHIOBaTH, ase
YacTo 0B S3aHMI 3 BUCOKUM DIBHEM [TOMUIIKOBUX CIIPALIbOBYBAHb, LU0 3HUKYE MO0 MPaKTUYHY KOPUCHICTb. MOHITODUHI MOBERIHKU
03BO/ISIE QIKCYBATH ANHAMIYHI 3MiHN B [is/TbHOCTI CUCTEMM, 3J1E€ BUMAIrae 3HaqYHux 00YUCIIIOBAIbHUX PECYDCIB | MOXKE YITOBI/IbHIOBATYU
poboty. Mogesii MalMHHOro HaBYaHHs 3a6€3M1e4yI0Tb aAanTUBHICTL | 34aTHICTL HABYATUCS HA OCHOBI AaHNX, ase BUMararoTb BETMKX
06CAriB HaB4a/IbHOI IH@OpMaLii Ta peTesIbHOro HalalTYBaHHS /11 YHUKHEHHS TOMUIIOK. [TOPUAHI riaXoan HaMararoTsCsa oEAHaTI
CUJIbHI CTODOHM AEKINTLKOX TEXHIK, a/1e YacTO CTUKAIOTLCA 3 TPyAHOLamMu B 6€3r1epebiviHi iHTerpaLlii Ta onTumizalii B pamKkax iCHyroYmnx
IHGPaCTPyKTyp.

Yepes i 06MEXEHHS AOCTIAHUKN BCE OIfIbLIE 30CEPEKYIOTLCA HA PO3PO6LII GPEMBOPKIB, O BKIIOYAIOTL MEXAHI3MU
aBTOMAaTHYHOIO OHOBJ/IEHHS. Taki GhpesiMBOPKY PO3POGIIEH] SIK CAMOAAANTUBHI, TOOTO BOHU MOXYTb TOCTIVIHO PO3BUBATUCS Y BIAMOBIAb
Ha HOBI yMOBY 6€3 HEOOXIAHOCTI PyHHOIro BTPYYaHHS. AJanTaLlis B PEXUMI PEasIbHOro Yacy € LIeHTPAallbHOK OCOO/IUBICTIO UMX CUCTEM,
WO [O03BOJISE M TABULUATH TOYHICTE, 3MEHLUNTH KIJIbKICTb [TOMWIKOBUX CrIpaLbOBYyBaHb Ta ONTUMI3YBAaTV BUKOPUCTAHHS
06YKCIII0BA/IbHIUX PECYPCIB.

38BASKY IHTErpaLlii IHTE/IEKTYa/IbHIUX MEXAHI3MIB OHOB/IEHHS HEOPMALIIVIHI IHEBPACTDYKTYPH MOXYTb JOCAITH BULLOIO PIBHS
CTabINIbHOCTI Ta €QEKTUBHOCTI, L{e He TiflbKu MiABULLYE 3arasbHy MPOAYKTUBHICTE KOMITIOTEDHUX CUCTEM, asle M rapaHTyeE, YO BOHU
3a/IMLATUMYTECS aKTYa/IbHUMU Ta €QEKTUBHUMU B CEPEJOBULLAX, A€ 3MIHN BIAGYBAIOTECS MOCTIMIHO. 34aTHICTH O aBTOMATUYHOI
eBosioLii, 6e3 3a/1EXHOCTI Bif 3aCTapiiinx CTaTUYHUX METOAIB, POOUTD Lif TEXHOJIONT OCHOBOK MauGyTHbOIO PO3BUTKY iH@OPMALIHNX
cUCTEM.,

[TocTiviHa eBosIoLisi OGYNCTIIOBATIbHUX CEPEAOBULL BUMAIaE PilieHb, SKI € THYYKUMY, IHTE/IEKTYaIbHUMU Ta 34aTHUMY [0
aganrayii B pexviMi peasibHoro 4acy. BUKODUCTOBYIOYM afarnTyuBHI @peyiMBODKY, AOCIAHUKN T PODOGHUKU MOXYTb CTBOPIOBATH
cucTemu, SiKi € He Tiflbku GifbLL TOYHUMU Ta ePEKTUBHUMY, ane U BifIbLL CTIVIKUMU Ta MACLLUTAB0BaHUMU. Lle € BUDILLE/IbHUM KDOKOM
Ha LWIaXy 4O KOMITIOTEDHUX CUCTEM HACTYITHOIO MOKO/TIHHS, A€ aAalTUBHICTL Ta aBTOMAaTU3ALIIA € HEOOXIAHUMU A/15 LOBrOCTPOKOBOI
HaAWIHOCTI Ta ycriixy.

KImto4oBIi C/10Ba: KOMITIOTEPHI CUCTEMY, BUSIBIIEHHS 3aIP03, MALLMHHE HaBYaHHs), iH@OPMAaLIHI TEXHOIOM, aBToMaTHYHe
OHOBJIEHHS
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