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Abstract. This study investigates adaptive machine learning strategies designed to maintain
reliable analytics under conditions of concept drift in continuously evolving data streams. In modern
intelligent information systems, streaming data environments frequently experience distributional
changes that can significantly degrade the predictive performance of traditional static models. To
address this challenge, the study systematically compares several adaptive learning paradigms,
including static models, online learning approaches, drift-aware algorithms, and deep adaptive
architectures. Controlled streaming datasets with explicitly modelled drift events are used to simulate
realistic dynamic environments and evaluate the behaviour of different strategies under changing data
distributions. A unified experimental framework is developed to assess multiple performance
dimensions, including predictive accuracy, robustness to drift, recovery dynamics after drift events,
temporal stability of predictions, and computational resource efficiency. Experimental results
demonstrate that static models are highly sensitive to distributional shifts, exhibiting rapid
performance degradation and limited ability to recover after drift occurs. Online learning methods
provide partial adaptation to changing patterns, while drift-aware algorithms and deep adaptive
models consistently show superior resilience, achieving faster recovery, lower degradation, and
improved prediction stability over time. In addition, system-level analysis highlights the importance
of balancing predictive performance with latency and computational constraints when designing
adaptive analytics solutions. The findings confirm that explicit drift detection, adaptive model
updating, and robust learning strategies are essential for sustaining reliable real-time analytics in
dynamic streaming environments and intelligent information systems.
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Introduction

Intelligent information systems are widely used for data-driven decision-making in dynamic
environments. Modern systems process large volumes of heterogeneous data generated in real time,
where data streams can reach millions of records per day. Machine learning methods are a key
component of such systems, enabling automated data analysis and pattern discovery. However, most
traditional models are trained offline and assume stable data distributions.

In real-world applications, data characteristics change over time due to evolving user
behaviour, external conditions, and system dynamics. Studies report that under concept drift; the
predictive accuracy of static models may decrease by 15-30% within short operational periods. This
limitation reduces the reliability of intelligent information systems and motivates the use of adaptive
machine learning approaches.

Recent research highlights online learning, incremental learning, and drift-aware models as
effective solutions for non-stationary data analysis. These methods allow models to update their
parameters continuously and maintain stable performance in real-time environments. Nevertheless,
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existing works often focus on isolated techniques or specific domains and do not provide a unified
system-level perspective.

The purpose of this study is to identify and analyse adaptive machine learning approaches for
intelligent information systems operating under dynamic data conditions. The object of the research
is adaptive machine learning models used for real-time analytics and decision support. The study
addresses the hypothesis that adaptive models provide more stable performance and higher robustness
than static models in non-stationary environments.

The relevance of this research is driven by the growing demand for real-time analytics in
intelligent systems. The novelty lies in a structured analysis of adaptation mechanisms and their
integration into intelligent information system architectures.

Literature Review

Early studies on adaptive machine learning focused on online learning algorithms, where
model parameters are updated sequentially with each incoming data instance. In [1], the authors
investigated stochastic gradient-based online models for real-time data streams and demonstrated
their effectiveness in low-latency environments. However, the study showed limited robustness to
noise and sudden distribution changes.

In [2] incremental learning approaches were analysed using batch-wise updates of
classification models. The authors applied incremental decision trees to streaming datasets and
reported improved stability compared to purely online methods. At the same time, the approach
required predefined update rules, reducing flexibility in highly dynamic systems.

Research in [3] addressed the issue of concept drift by introducing statistical drift detection
mechanisms combined with adaptive classifiers. The results confirmed that explicit drift detection
helps recover predictive accuracy after distribution shifts. Nevertheless, the authors noted sensitivity
to threshold selection and false drift alarms.

In [4] ensemble-based adaptive learning methods were studied. Multiple models were trained
in parallel, and poorly performing models were replaced when drift was detected. This strategy
improved robustness in non-stationary environments but increased computational complexity.

The work presented in [5] focused on sliding window techniques for adaptive learning. By
dynamically adjusting the training window size, the model adapted to recent data patterns. While
effective for gradual drift, the method struggled with abrupt changes in data distribution.

In [6] researchers explored adaptive learning in intelligent information systems for real-time
monitoring. The study demonstrated that adaptive classifiers outperform static models in long-term
operation. However, system-level integration aspects were not considered in detail.

Deep learning-based adaptive models were investigated in [7]. Recurrent neural networks
were applied to streaming time-series data, achieving higher predictive accuracy than traditional
adaptive models. The main limitation identified was high computational cost and limited
explainability.

Hybrid adaptive approaches combining shallow models with deep learning were proposed in
[8]-[9]. These models aimed to balance accuracy and efficiency. Experimental results showed
promising performance, but the architecture required careful tuning and domain-specific
customization.

The authors of [10] studied adaptive machine learning in smart city applications, including
traffic and energy analytics. The study confirmed the importance of continuous model adaptation in
real-world environments. Nevertheless, scalability issues remained a challenge for large-scale
deployments.

In [11] adaptive learning strategies for cybersecurity systems were analysed. The models
effectively detected evolving attack patterns in data streams. However, the authors highlighted the
risk of over-adaptation leading to increased false positives.

Explainability in adaptive machine learning was addressed in previous research. The study
emphasized that most adaptive models act as black boxes, limiting their adoption in critical intelligent
systems. The authors suggested integrating explainable Al techniques but did not provide a complete
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solution.While the work provided a broad overview of existing techniques, it lacked a system-oriented
classification tailored to intelligent information systems.

Materials and methods

This study adopts a unified experimental methodology to analyse self-adaptive machine
learning models in intelligent information systems operating under non-stationary data conditions.
The proposed methodological framework models real-time data processing as a continuous streaming
pipeline, where incoming data are processed in sliding windows and evaluated using rolling
performance metrics. Concept drift is explicitly modelled and monitored during system operation,
allowing the behaviour of learning models to be analysed under controlled distributional changes.
Adaptation decisions are governed by a drift-aware control logic that considers drift severity,
performance degradation, temporal instability, and real-time computational constraints. In parallel,
an event-aligned evaluation procedure is applied to assess post-drift recovery dynamics by aligning
performance metrics relative to drift occurrence time. This methodological design enables a
systematic and reproducible comparison of static, online, drift-aware, and deep adaptive models from
both predictive and system-level perspectives.

def adaptation_policy(drift_detected,
drift_severity,
acc_current,
acc_reference,
acc_variance,
Latency_ms):

Drift-aware adaptation decision logic

drop_pct (acc_reference acc_current) acc_reference 100

drift_detected Latency ms
"incremental_update”

drift_detected drop_pct
"keep_model™

drift_detected drift_severity
"model_reset”

drift_detected acc_variance
"ensemble_replacement”

drop_pct

"keep_model™

Figure 1. Algorithm 1 Drift-Aware Adaptation Logic

The system in Figure 1 employs a drift-aware adaptation policy that selects appropriate
corrective actions based on detected drift severity, performance degradation, temporal instability, and
real-time constraints. This logic enables controlled and resource-aware adaptation in non-stationary
environments.
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def compute_event_aligned_recovery(metric_series, drift_time):

Event-aligned recovery analysis (t = @ at drift)

aligned []

t, acc metric_series:
t_rel = t - drift_time
oW <= t_rel <= POS
ed.append((t_rel, acc

Figure 2. Algorihm”Z Event-Aligned Performance Evaluation

To analyse adaptation dynamics, performance metrics are aligned relative to the drift
occurrence time (t = 0) as it shown in Figure 2. This event-based alignment allows direct comparison
of recovery behaviour across different learning strategies.

Research results and discussion

Impact of Drift Severity on Performance Degradation
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Figure 3. Impact of Concept Drift Severity on Model Performance Degradation

As shown in Figure 3, the severity of concept drift has a pronounced impact on the predictive
performance of machine learning models operating in non-stationary environments. Static models
experience substantial performance degradation, with performance drops exceeding 15-18% even
under moderate drift magnitudes. This behaviour confirms their limited robustness to changing data
distributions.

Online learning models demonstrate improved resilience compared to static baselines;
however, their performance degradation still increases noticeably as drift magnitude grows. In
contrast, drift-aware and deep adaptive models maintain consistently lower performance drops,
typically within the range of 3-5%, across all evaluated drift levels. This indicates a reduced
sensitivity to drift severity and a higher degree of robustness.

These results highlight that explicit adaptation mechanisms and temporal representation
learning significantly mitigate the negative effects of concept drift. Consequently, adaptive learning

strategies are essential for intelligent information systems that operate under varying and
unpredictable data dynamics.
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This study demonstrates that adaptive machine learning approaches are essential for reliable
real-time analytics in intelligent information systems operating under non-stationary conditions.
Experimental results show that static models suffer from significant performance degradation and
instability when concept drift occurs, whereas drift-aware and deep adaptive models achieve lower
degradation, faster recovery, and improved temporal stability. Moreover, the analysis highlights that
effective adaptation must balance predictive accuracy with computational efficiency and real-time
constraints. Overall, the findings confirm that explicit drift handling and adaptive control mechanisms
are key to sustaining robust and efficient analytics in dynamic data environments.

Drift Event Study: Accuracy Recovery Curves (aligned at t=0)
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Figure 4. Accuracy Recovery Dynamics Following Concept Drift Events

As shown in Figure 4, the occurrence of a concept drift at time # = 0 leads to an immediate
degradation in predictive accuracy across all evaluated models. However, the post-drift recovery
behavior differs substantially between learning strategies. Static models exhibit a persistent
performance drop and do not recover to pre-drift accuracy levels, indicating an inability to adapt to
distributional changes.

Online learning models show gradual recovery after the drift event, requiring a significant
number of windows to approach stable performance. In contrast, drift-aware and deep adaptive
models recover more rapidly, reaching near pre-drift accuracy within a relatively short time horizon.
Deep adaptive models demonstrate the fastest recovery and the highest post-drift stability,
highlighting the effectiveness of temporal representation learning in dynamic environments.

These findings confirm that adaptation speed is a critical factor for intelligent information
systems operating under non-stationary conditions. Models equipped with explicit or implicit
adaptation mechanisms provide superior resilience to concept drift, ensuring sustained analytical
reliability in real-time applications.
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Performance Heatmap: Mean Accuracy by Model Family and Stream
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Figure 5. Comparative Performance Heatmap of Model Families Across Data Streams

Figure 5 provides an aggregated comparison of model performance across all evaluated data
streams. Static models consistently achieve the lowest accuracy, with values close to 0.60 across
streams, indicating limited generalization capability under non-stationary conditions. In contrast,
online learning models demonstrate moderate improvements, achieving mean accuracies around 0.76,
but still exhibit sensitivity to stream dynamics.

Drift-aware models further improve performance, maintaining mean accuracy close to 0.79
across all streams. Notably, deep adaptive models achieve the highest and most stable accuracy, with
consistent values around 0.81 regardless of stream variations. This consistency suggests strong
robustness to differences in noise level, drift patterns, and stream characteristics.

Overall, the heatmap confirms that adaptive learning strategies not only improve average
predictive performance but also enhance cross-stream stability. These results reinforce the importance
of adaptation mechanisms for intelligent information systems operating on heterogeneous and
dynamically evolving data streams.

Temporal Stability of Models (Lower is Better)
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Figure 6. Temporal Stability of Predictive Performance Across Model Families

As shown in Figure 6, temporal stability varies significantly across the evaluated learning

strategies. Static models exhibit substantial increases in accuracy variance during periods of
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distributional change, with standard deviation peaks exceeding 0.06. This behavior indicates high
sensitivity to non-stationary data and unreliable predictive performance over time.

Online learning models demonstrate improved stability compared to static baselines; however,
noticeable variance spikes still occur around drift periods. In contrast, drift-aware and deep adaptive
models maintain consistently lower variability, with standard deviation values typically remaining
below 0.02 even during dynamic phases. This suggests that explicit adaptation mechanisms and
temporal learning reduce sensitivity to transient data fluctuations.

These results emphasize that stability is a critical evaluation dimension for intelligent
information systems operating in real time. Beyond average accuracy, adaptive models provide more
reliable and predictable behavior, which is essential for decision-making in safety-critical and high-
frequency applications.

Resource-Efficiency Distribution Across Models
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Figure 7. Resource-Efficiency Distribution of Machine Learning Models

Figure 7 analyses the resource efficiency of the evaluated models by relating predictive
accuracy to inference latency. Static models demonstrate relatively high efficiency values due to low
computational overhead; however, this efficiency is achieved at the cost of significantly lower
predictive accuracy, as shown in previous results. Consequently, their apparent efficiency does not
translate into reliable analytical performance.

Online and drift-aware models exhibit a more balanced efficiency distribution, achieving
competitive accuracy while maintaining moderate latency. Notably, drift-aware models demonstrate
stable efficiency values across runs, indicating consistent performance under dynamic data
conditions. In contrast, deep adaptive models show the lowest efficiency ratios, reflecting higher
computational and memory demands despite superior predictive accuracy.

These findings emphasize the importance of considering efficiency-oriented metrics when
deploying intelligent information systems in real-time environments. The results suggest that drift-
aware adaptive models offer the most favourable trade-off between predictive performance and
computational cost, making them suitable for resource-constrained and latency-sensitive applications.

Conclusion

In this study, the principles, methods, and practical aspects of implementing self-adaptive
machine learning models in intelligent information systems were investigated. The research
demonstrated that traditional static learning approaches are insufficient for dynamic and continuously
changing environments, where system requirements, data distributions, and operational conditions
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evolve over time. In contrast, self-adaptive models provide the capability to automatically adjust their
structure, parameters, and learning strategies in response to environmental changes.

Firstly, the theoretical foundations of adaptive and online learning algorithms were analyzed,
including incremental learning, reinforcement learning, and concept drift handling techniques. These
methods enable intelligent systems to maintain stability, accuracy, and robustness without complete
retraining. Secondly, architectural solutions for integrating self-adaptive models into intelligent
information systems were proposed, ensuring scalability, flexibility, and efficient resource utilization.
Thirdly, experimental results confirmed that adaptive models outperform conventional approaches in
terms of prediction accuracy, response time, and resilience to data variability.

The practical significance of the research lies in the possibility of applying self-adaptive
machine learning in various domains, such as cybersecurity, network management, smart
infrastructures, decision support systems, and large-scale data processing platforms. The proposed
solutions contribute to reducing maintenance costs, improving automation, and increasing the overall
reliability of intelligent systems.

In conclusion, self-adaptive machine learning represents a key technological direction for the
development of next-generation intelligent information systems. Future research should focus on
improving explainability, reducing computational complexity, and developing hybrid adaptive
frameworks that combine multiple learning paradigms to achieve higher performance and
trustworthiness.
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AHaarna. 3epTTey JIepeKTep arbIHAaphIHIAFbl KOHLENTYaIAbIK apeiid skarnaibiHIa ceHIMIl
AHAJIMTUKAHBI KAMTAaMachI3 €Tyre OarpITTalFaH OeHiMIeIMeNT MalIMHAIBIK OKBITY CTpaTeTUsIapbIH
3epTTeyre apHanrad. Ka3ipri MHTeIEKTyalnabl aKMaparThIK Kyienepae AepeKTep arbIHIaPbIHBIH
TapaJIybl XUl ©3repil OThIPaAbl, OYJI JOCTYPJIi CTaTUKAIBIK MOJCITBACPAIH OOIKAMIBIK IJIITiH
ailfTapiblkTaii ToMeHaeTyl MYMKiH. OcCbl MocelieHi IIenly MaKcaTbhlHIa >KyMmbIcTa OedimMaenmMeni
OKBITYy TOCUIIEpiHIH OipHEIIe Typi »XYyHeni Typle CalbICTBIPBLIAIBI, COHBIH IIIIHIE CTATHKAJIBIK
MOJIENbJIEP, OHIIAWH-OKBITY oAiCTepi, JepeKkTep ApeidiH E€CKEepeTiH alropuTMAEp KOHE TepeH
OeliMIenMeni MOAETIbAep. OKCHEPUMEHTTIK 3epTTeynep OapbIChlHa KOHLENTYaNAbIK Apeid
OKUFallapbl apHabl MOJAENBIACHTEH AaFbIHABIK JEPeKTep >KUBIHTBIKTAPHI MalJanaHblIAb, Oy
JMHAMUKAJIBIK TYPJIE€ ©3TepeTIiH aKMapaTThIK OpTajlapIbl UMUTALMsUIayFa MYMKIHAIK Oepe/i. OpTypii
olicTepAiH THUIMALNITIH Oaranay YIIiH OipblHFail AKCHEPUMEHTTIK Heri3ieMe KOJNAAHBUIIBI, Ol
OomkaM JQINIITIH, ApedKke TO3IMAUIKTI, ©3repiCTepACH KEHIHT1 KaJIMblHA KeNy KbUITaMIIbIFbIH,
YaKbITTBIK TYPAKTBUIBIKTHI JKOHE €CENTey pPEeCYpPCTaphIHBIH THIMIUIIIH Tanfgaydbl KaMTHIIBL.
DKCIIEPUMEHT HOTHXKEJIEPl CTATUKAJIBIK MOJCTBACPIIH JEPEKTep TapalybIHBIH ©3TepicTepiHe oTe
ce3IMTaJl eKeHIH JKOHE oJlapblH OOJDKaMABIK QNI Te3 TOMEHACHTIHIH KepceTTi. OHIaiH-OKBITY
omictepi Oenrim Oip neHreine OeHiMIeTyal KaMTaMachl3 €Tel, all APer(Ti eCKepeTiH aNTOpUTMACD
MeH TepeH OeiliMaenMeni MOJENbIep KOFapbl TYPAKTHUIBIKTHI, TE3IPEK KANIMbIHA KTyl kKoHE Y3aK
Mep3iMIl OoJKaM TYpaKThUIBIFBIH KaMTaMackl3 etel. COHbIMEH KaTap KyHenik Tajijgay aJanTHBTI
aHAUTHKAIIBIK JKyHenepai skobayiay KesiHZe OoipkaM JONAIri, eHJey KiJipici KoHE ecernTey
pecypcTapbl apachiHAaFbl TCHIEPIMJIi CaKTayIbIH MaHBI3IbLUIBIFBIH KOPCETE/Ii. AJIBIHFAH HOTHXEIEP
naperdTi aHBIKTay MEXaHM3MJAEpPI MEH MoneibAepAl OeiliMaenmeni aHApTy OIICTEpiH KOJJIaHY
JTUHAMHKAIBIK JICPEKTEp aFbIHJIApbl Oap WHTEIDICKTYaIbl KYWeslepJe CEHIMII HaKThl yaKbIT
AQHAJIUTUKACHIH KAMTaMachI3 €TY/IIH HEeT13T1 MapThl €KeHIH AoNeIeH .

Tyiin ce3mep: MamMHAIBIK OKBITY, METpHKanap, Oaraiay, OHTaWIaHIBIPy, Tajjaay,
TYPaKTBUIBIK, OeHiMAeTY.
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AHHOTauusl. JlaHHOE WCCIIEIOBAaHHE TMOCBSIEHO W3YyYCHHIO aJalTUBHBIX CTpaTerui
MalIMHHOTO OOy4YeHHUs, HAIpaBJICHHBIX Ha MOJEpPKAHHE HANEKHOW aHAIUTUKU B YCJIOBHSIX
KOHLIENTYaJIbHOTO Jpeii(a MaHHBIX B MOTOKOBBIX cpeldax. B COBpEMEHHBIX HHTEIUICKTYaJIbHBIX
MH(OPMAIMOHHBIX CHCTEMaxX MOTOKHU JAHHBIX YacTO MOJBEPralOTCS M3MEHEHUSM pPacHpelesIeHuUs,
YTO MOXKET CYIIECTBEHHO CHMXATh TOYHOCTh TPAJAMIMOHHBIX CTaTUYECKUX Mozenel. [{nsa pemenus
3TOH TpobiaemMbl B paboTe MPOBOAUTCS CHUCTEMATUYECKOE CPABHEHHE PA3NIMYHBIX IOAXOAOB K
aJlanTHBHOMY OOYYEHHIO, BKIIFOUAsl CTATUYECKUE MOJIEIIH, METOIbI OHJIAH-00y4YeHUsI, AJITOPUTMBI C
ydeToM apeiida TaHHBIX, a TaKKe ITyOOKHe alanTUBHBIE MO/IETH. B KauecTBe 3KCepuMeHTaIbHON
0a3bl UCTIONIB3YIOTCS TOTOKOBBIE HAOOPHI JAHHBIX C HCKYCCTBEHHO CMOJICITUPOBAHHBIMU COOBITHUSIMH
KOHIIETITYyalIbHOTO Jpeiia, 4To Mo3BOIsIeT BOCIPOU3BOAUTD YCIOBUS AMHAMUYECKUA N3MEHSIOIINXCS
nHpOPMAaMOHHBIX cpe. s oneHKH 3(QeKTUBHOCTH pa3paboTaHa equHAas dKCIIEPUMEHTAIbHAS
METOAOJOTHS, BKJIIOYAIONIAs aHAIM3 TOYHOCTH MPOTHO3MPOBAHMS, YCTOWYMBOCTU K Apeidy,
CKOPOCTH BOCCTAHOBIJICHUS TTOCIIC U3MEHEHUH pacrpe/ieeHns JaHHBIX, BPEMEHHON CTa0MIbHOCTH
Mpe/IcKa3aHuid, a Takxke 3((HEeKTUBHOCTH HCIOIb30BAHUS BEIYUCIUTENBHBIX pecypcoB. [lomyueHHbIe
pe3yNbTaThl TOKA3bIBAIOT, YTO CTAaTUYECKHE MOJCTH SBIAIOTCS HamOoJiee YyBCTBUTEIHHBIMH K
M3MEHEHUSIM pacrpeeNieHus] JaHHBIX U JEMOHCTPHUPYIOT CYIIECTBEHHOE CHI)KEHHE TOYHOCTU H
HU3KYIO CIIOCOOHOCTh K BOCCTAHOBIICHHIO. MeTONbI OHJIAHH-00y4eHHsI 00€CIIeUnBaIOT YaCTUYHYIO
a/IafTaluio, TOT/IA KaK aITOPUTMBI, YUUTHIBAIOIIHE Apeiid NaHHBIX, U TITyOOKHE aJanTUBHbIC MOIETU
JIEMOHCTPUPYIOT 00jiee BBICOKYIO YCTOHYMBOCTb, Ooyiee OBICTpOE€ BOCCTAHOBJIEHHWE U JIyUIIYIO
CTa0WIIBHOCTh TPOTHO3MpoBaHUs. Kpome TOro, cucTeMHBIH aHalIW3 MOAYEPKHUBAET BaXHOCTD
0anmaHca MeXJy TOYHOCTBHIO TPOTHO3MPOBAHUS, 3aJepKKaMH OOpaOOTKM M BBIYUCIUTEIHLHBIMHU
3arpatamu. IlodydeHHble pe3yabTaThl MOATBEPXKIAIOT, YTO MCIIOJb30BAHHE MEXaHHM3MOB
oOHapyxeHus npedda U ananTAUBHOTO OOHOBIICHUS MOJENEH SIBISIETCS KIFOUEBBIM (HaKTOPOM
obecriedeHrs1 Ha/Ie)KHON aHAJUTHUKU MOTOKOBBIX JAHHBIX B MHTEIUIEKTYaJbHBIX WH(OPMALMOHHBIX
cECcTeMax peajJbHOrO BPEMEHHU.

KiroueBble cioBa: MaimmHHOe OOy4yeHHE, METPHUKH, OLIEHKA, ONTHMHU3alUs, aHaJM3,
CTaOMILHOCTD, aanTaIlus.
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