M. Kosbibaes aTeinaarsl CKY Xa6apmbichbn /

278 Bectauk CKY umenu M. Ko3bi6aesa. Ne 2 (70). 2026
DOI 10.54596/2958-0048-2026-2-278-294

UDC 004.8

IRSTI 28.23.15

AN ANALYTICAL REVIEW OF MODERN ADAPTIVE METHODS FOR STREAM
DATA PROCESSING IN REAL-TIME SYSTEMS
A. Jumagaliyeval’, M. Kaldaroval, R. Ismailova?, E. Abdykerimova®,

A. Turkmenbayev’

"4 stana International University, Astana, Kazakhstan

’Kyrgyz-Turkish Manas University, Bishkek, Kyrgyzstan
ICaspian State University of Technology and Engineering named after Sh. Yessenov,

Aktau, Kazakhstan

*Corresponding author:mirakaldarova.zhi@gmail.com

Abstract

Real-time systems process continuous, non-stationary data streams while adhering to strict latency constraints and
employ adaptive learning mechanisms to ensure a stable level of prediction reliability. Current methods for
achieving this goal typically prioritize either model accuracy or computational scalability over the integration of
an adaptive learning method into a streaming environment. The objective of this study is to systematically review
state-of-the-art adaptive learning methods for real-time streaming data processing using a multi-step methodology
including bibliometric analysis, a systematic literature review, and a structured comparative synthesis. A total of
58 studies were analyzed to identify patterns in adaptive capabilities, architectural integration approaches, and
overall system performance evaluation. The results revealed a consistent tradeoff between adaptivity and
deterministic latency, as well as a lack of cross-layer coordination and performance measurement. Based on the
analytical synthesis of the reviewed literature, a conceptual cross-layer analytical framework supporting the
integration of adaptive learning and distributed streaming systems is proposed. Methodological recommendations
for the design of adaptive systems demonstrating a high level of performance while maintaining stable operation
in dynamic, non-stationary environments are presented.

Keywords: adaptive machine learning, stream processing, real-time systems, time latency, stability, interlayer
system.
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Anjarna
Haxkrsl yakpIT 'KyHenepi KaTaH Kifipic IMEKTEYJICPiH CAKTal OTHIPBII, Y3HIKCI3, CTAMOHAPIBIK €MEC ACPEKTEP
arbIHIAPBIH OHACH I YKoHE 00KaM CEHIMILMITIHIH TYPAKThI JCHICHiH KAMTAaMAChI3 €Ty YIUiH OCHIMICITII OKBITY
MEXaHM3MCPIH KOJIJaHaapl. by MakcaTka »eTyAiH Ka3ipri o1icTepi 9NeTTe aJalTHBTI OKBITY SMICIH aFbIHIBIK
OpTara HHTCTPAUMSIAYIAH TOPi MOJCITh JOJAITIHC HEMECE SCENTey MacmrTadTanybsiHa OackIMABIK Ocpeni. byn
3CPTTCYIiH MAKCATHI - OHOTHOMCTPHSIIBIK TANIAY, KYHEI 0ICOHCTKE IOy JKOHES KYPBUIBIMIBIK CAJTBICTEIPMAITB
CHHTE31 KAMTHTBIH KOIl CATBLIBI 9ICHAMAHBI KOJIJAHA OTHIPBII, HAKTHl YAKBIT PSKHMIHAC ISPSKTSPIl aFBIHMCH
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OHJCY/IIH 3aMaHayW OCHIMIENTim OKBITY OMICTEepiH Kyiem Typae mony. bedimmenrim MyMKiHAIKTEpAETi,
APXUTCKTY PATBIK HHTCTPALAS TOCLIACPIHACT JKOHE JKAMTBI YKYHCHIH OHIMALTITIH 0aFaiayIaFsl 3aHIBLTBIKTAPIBI
aHBIKTAy YIIH OapmeiFsl 58 3eprrey Tanmanasl. HoTmwkenep OCHIMICHYIIIIK NMEH JCTCPMUHHUPICHICH KiTipic
apachHIAFBl TYPAKTHI BIMBIpAFa KCIyIi, COHTAH-aK KON MCHICHNI YHJICCTIPY MCH OHIMIITIKTI OMICYIiH
OomMaysiH KepceTTi. OCBI HOTIKCICPre CYHCHC OTBHIPHIN, OCHIMACITIIN OKBITY MCH TapATBUFAH AFBIHIBIK
JKYHenepal MHTETPAIsIay bl KOJITANTHIH >KAHA KYPBUIBIM YCHIHBIIAAbL. JIMHAMUKABIK, CTAMOHAPIBIK EMEC
OpTaJa TYPAKTHI KYMBICTHI CAKTall OTHIPBII, >KOFAPBI OHIMILTIK ACHICHIH KOPCETETIH OeiMaenTim KyHerepai
skobanay OOMBIHINA dTICHAMAIBIK YCHIHBICTAP YCHIHBIIFAH.

Kinr cesmep: OcHiMaenrim MAIMWHATBIK OKBITY, AFBIHABI OHACY, HAKTHI YAKBIT >KYHCICpPi, YaKBIT Kimipici,
TYPAKTBUIBIK, KA0aTapabIK KyHE.
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AHHOTATIHSA

CucteMbl peanbHOTO BPEeMEHH 00PadaThIBAOT HEMIPEPhIBHBIC, HECTAMOHAPHbIC MOTOKH JAHHBIX, COOIIONAS TIPH
3TOM CTPOTHUE OTPAHMICHUSI TI0 33JCP)KKE, M HCIOIB3YIOT MEXAHU3MBI aJANITHBHOTO O0YUCHU 11T 00eCIICUeHIS
CTAa0MIILHOTO YPOBHS HAJC)KHOCTH TPOTHO3MPOBAHWA. COBPEMEHHBIE METOBI JOCTIDKCHUS ITOM LEJH, KAk
MPABHIIO, OTAAIOT HPHOPHUTCT JMOO TOYHOCTH MOJCTH, JMOO BBIMHCIHTCIIFHOH MacmTaOMPyeMOCTH, a HC
HHTETPAlMM METOAA ANaNTHBHOTO OOVYCHHA B TOTOKOBYIO cpeay. Llemb JaHHOTO WCCNENOBaHHSA —
CHCTEMATHYCCKHH 0030p COBPEMEHHBIX METOA0B aIANITHBHOTO O0YUEHUS 111 00PadOTKH MOTOKOBBIX TAHHBIX B
PCaTbHOM BPEMCHH C HCMOJIB30BAHHCM MHOTO3TANTHOH METOJOJIOTHH, BKIFOYAOMICH OHOMMOMCTPHUCCKUI
aHAIM3, CHCTEMATHYCCKHH 0030p JUTEPaTyPhl M CTPYKTYPHPOBAHHBIM CPAaBHUTEIBHBIN cuHTE3. Bcero ObII0
MPOAHATIU3UPOBAHO 58 HCCIACAOBAHMM [JI1 BBIABJICHUS 3aKOHOMEPHOCTEH B AQJANTHBHBIX BO3MOYKHOCTIX,
MOAX0AAX K APXHTCKTYPHON HHTETPALIMH U OLCHKE MPOHU3BOAUTEIBHOCTH BCEH CHCTEMBL. Pe3yIbTaThl MOKA3aIH
MOCTOSIHHBIM KOMIPOMHCC MEXKIY AJANTHBHOCTBIO M ACTCPMHHHPOBAHHOM 3aJEP/KKOHM, a TAKKE OTCYTCTBHE
ME)KCIOMHOH KOOPIMHAIIMA W HM3MEPEHHUS IPOM3BOAUTCIBHOCTH. Ha OCHOBE AHATMUTHYECKOTO CHHTE3a
PACCMOTPCHHON JHTCPATYPhl MPSATATACTCS KOHICTITYATbHBI MCEKCIOWHBIH AHATHTHUCCKHHA (PPCHMBOPK.
[IpencraBieHBl  METOJOJOTHYECCKAC  PEKOMCHAAIMHM IO  NPOCKTHPOBAHMIO  AJANTHBHBIX  CHCTEM,
JCMOHCTPHPYIOIINX BBICOKHH YPOBEHb NPOH3BOAWTCILHOCTH TPH COXPAHCHHHM CTAaOMIBHON paboTHl B
JUHAMHAYCCKUX, HECTAIMOHAPHBIX CPEIAX.

KioueBbie ciioBa: aJanTHBHOES MAIIMHHOE OOYUCHHE, MMOTOKOBAs 00pabOTKAa, CHCTEMBI PEabHOTO BPEMCHH,
3a7ePKKA BPEMCHH, CTA0MIBHOCTD, MCKCIOHHAS CHCTCMA.

Introduction
Real-time sensing systems are increasing in their capability to sense and act without
delay, while Cyber-Physical Systems and their associated distributed data acquisition processes
are escalating the data acquisition rate through unbounded streams of data that must be
processed in real-time to enable fast decision making. In general, modern real-time systems
exhibit multiple characteristics: they generally have strict latencies; the data streams are
heterogeneous and can be very high-frequency; and there can be dynamic changes to the data
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streams. Consequently, stream processing system designs have also evolved from a static batch
processing model to an adaptive, real-time modular architecture that incorporates continuous
learning and dynamic resource management.

Many traditional stream analytics systems are based on machine-learning models that
have been trained offline and have fixed-window mechanisms. Some stream analytics
approaches are filtering at a statistical level, extracting time/frequency-based features, or
employing supervised machine-learning methods, such as support vector machines (SVM),
random forest, k-nearest neighbors k-NN, multi-layer perceptron (MLP), convolutional neural
network (CNN), or long short-term memory (LSTM)). While these types of systems have
demonstrated a high level of accuracy within controlled environments, they typically perform
as static inference systems when subjected to real-time processing. As a consequence, these
systems were designed without considering incremental updates or adaptations due to drift in
the distribution of data generated by a stream processing system.

To enable large-scale event processing while also providing the required properties of
scalability, parallelism, and throughput, a number of distributed event-processing systems have
been developed, such as Apache Storm, Apache Flink, and Spark Streaming. Events processed
through these systems use a general-purpose data-flow model that does not provide direct
support for adaptive learning. Modeling efforts that seek to update models, address drift, and
optimize use of resources are provided through external systems rather than as part of the
distributed event-processing environment.

Concept drift, which occurs when the statistical properties of the data change over time,
represents one of the most significant challenges encountered when working with real-time
streaming data. The concept of drift can be attributed to a wide variety of factors, including
environmental changes, configuration changes to an event-processing system, changes in user
behavior, and sensor degradation. To address the need for non-stationary data, many adaptive
methodologies have been developed, including (i) online/incremental learning methods based
on stochastic gradient descent (SGD), Hoeffding trees, or adaptive ensembles; and (i1) drift-
detection methodologies such as DDM and ADWIN. A disadvantage of these adaptive methods
is that they result in an increase in the computational cost, memory footprint, or latency of a
deterministic real-time system.

A use case that clarifies the necessity for scalable adaptations needed to support
continuous real-time streaming is the processing of biomedical signals. Continuous-processing
systems monitoring ECG, EEG, EMG, and wearable devices must provide low latency,
resistance to noise, and sensitivity to gradual/class-based shifts in the subject's physiological
state. A delay in adaptation within a continuous-processing system performing biomedical
streaming could reduce the reliability of that system. Thus, biomedical streaming clearly
illustrates the need for high-performance, unified, adaptive architectures.

Most of the current distribution and adaptive algorithm research focuses primarily on
maximising accuracy of prediction or processing speed. Relatively few frameworks exist to
support adaptive stream-processing models that jointly provide (i) awareness of drift, (ii)
incrementally update system state, (ii1) maintain a stable level of latency, and (iv) adopt scalable
architectures. As a result, there does not exist a comprehensive analytical synthesis of adaptive
stream-processing approaches under real-time constraints.

Research Questions

In this study, the authors investigate:

1) How to combine adaptive online learning with real-time streaming architecture while
minimizing the effect of non-deterministic latency?
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2) What are the trade-offs in terms of performance, scalability, and adaptability in
contemporary streaming systems?

3) How can drift detection, incremental updating, and resource-aware optimization
function together within an adaptive framework?

Objectives

This paper has three objectives:

1) Present a detailed analytical review of adaptive streaming processing techniques in
real-time environments.

2) Establish a systematic taxonomy of the existing methods, based upon levels of
architecture, algorithm, and computational characteristics.

3) Identify potential areas of research and suggest a synthesised theoretical framework
that combines adaptive learning and high-performance streaming techniques.

The primary analytical contribution of this review derives from the comparative cross-
study synthesis of adaptive learning mechanisms, distributed streaming architectures, and real-
time performance constraints.

The analytical review presents a unified analytical framework that communicates the
interactions among adaptability, latency stability, and computational efficiency; a structured
taxonomy of current adaptive streaming methods; and a side-by-side comparison of those
methods according to their latency, degree of scalability, and resource usage. The authors'
primary focus was to identify key trade-offs between adaptability and deterministic real-time
performance, and to develop an analytical foundation for integrating adaptive learning into
high-performance streaming architectures.

Literature Overview

Research on real-time adaptive stream data processing exists within many different
research paradigms that frequently have varying definitions of real-time, many studies evaluate
their systems with some other assumptions for deployment and report performance using a
variety of computational metrics which makes it difficult for others to compare amongst the
studies [1-3]. As it relates to adaptive stream processing, once can say that “real-time” in
general, relates to analysing an unbounded but continuous flow of data under strict constraints
based on time. However, the meaning of latency tolerance, critirism of determinism, and
frequency of adjustments varies greatly across the literature. As a result, success rates of
adaptive methods are usually more reliant upon implicit architectural issues rather than any
soundly defined overarching criteria.

Figure 1L Number of articles published per year for analysis indexed in the Web of Science
database
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In the literature there is notably continued growth of published literature that is indexed
within the Web of Science Core Collection in the data years of 2011-2025 around adaptive
stream data processing in real-time systems as shown in Fig. 1. The literature shows that there
was very little published in the early 2010s with a significant growth curb of literature in the
time-frame of 2014-2015. There is a significant increase in growth rate during the period of
2018-2021, showing the highest levels of output per year [4].

Distributed streaming frameworks have grown in popularity alongside newly developed
approaches for online and incremental learning. Also driving demand is the growing interest in
using loT, cyber-physical systems, and healthcare data for real-time analytics. The stability
seen after 2021 is attributed to the maturation of the field, rather than a decrease in research
activity, and thus adaptive real-time stream processing is recognized as an established and stable
area of research.

Contemporary real-time processing systems must process a flow of heterogeneous data
as it arrives continuously; the underlying distribution of the data may change randomly over
time and they need to have deterministic responses to incoming events while using few
computational resources. Therefore, unlike batch processing systems, streaming architectures
are not able to rely on having access to all of the data prior to processing or that the distributions
of the data will be stable [5-6]. Streaming architectures must be able to update their models
incrementally and to provide high performance without having access to all of the data from
which to retrain their models. Thus, streaming architectures have adapted by employing
incremental learning, drift-aware adaptation, and resource-aware scheduling mechanisms.

Evaluating real-time efficiency poses another challenge. Most studies evaluate only
average latencies without taking into account ingestion overhead, window processing latencies,
broker latencies, or synchronization costs; conversely, some studies measure throughput based
solely upon a fixed input rate without accounting for the impact of bursty workloads on
performance [6]. Memory usage and state complexity are typically ignored as well. In addition,
in an adaptive real-time stream processing system, the frequency of model updates, drift
detection overhead, and the cost of replacing models further complicate evaluations of platform
performance. Consequently, real-time efficiency cannot be evaluated using only a single
dimension; instead, it should be considered using at least five different dimensions: latency,
throughput, memory usage, adaptation cost, and scalability [7].

The literature on adaptive real-time stream processing is still fragmented. The research
on machine learning tends to focus on online optimization, incremental trees, ensembles, and
drift detection. The research on streaming systems tends to focus on windowing, state
management, backpressure, fault tolerance, and scalability within distributed processing
frameworks such as Flink and Spark. The research related to high performance typically focuses
on the use of GPUs or edge computing for performance acceleration. These different directions
of research are often analyzed in isolation resulting in only partial optimizations of either
adaptability or computational performance, but not of both concurrently.

A recurring pattern observed across the reviewed studies is that improvements in
predictive adaptability are frequently associated with increased computational overhead,
synchronization complexity, or latency instability. Conversely, studies emphasizing
deterministic throughput and scalability often rely on static or weakly adaptive learning
mechanisms. This demonstrates that adaptability and real-time computational stability are still
commonly optimized independently rather than through coordinated cross-layer system design.
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Figure 2. Web of Science Core Collection, Clarivate Analytics

The subject category distribution shown in Fig. 2 helps clarify the structural position of
research on adaptive stream data processing. Most of the publications listed are in Computer
Science Theory and Methods, Computer Science Information Systems, and Computer Science
Artificial Intelligence, indicating that adaptive stream data processing is primarily based on
algorithmic development and systems-level designs.

A large proportion of the research comes from Electrical and Electronic Engineering and
is indicative of the hardware and infrastructure aspects of real-time systems. The
interdisciplinary distribution of research further indicates that adaptive stream processing is
located at the intersection of learning algorithms, distributed systems, and applied analytics [8].

As such, adaptive stream processing is not a single-method activity but in fact a cross-
layer domain that must integrate algorithms, streaming infrastructure, and hardware-aware
optimization for the ultimate goal of being able to process streams of data in real time.

It also poses some challenges with respect to evaluation methodology; the majority of the
literature evaluates adaptive processing using simulated data streams via the replay of
previously recorded data or through the use of an artificial sliding window without the conduct
of long-term tests, and there are significantly different methods for defining data drift that are
simulated and may or may not reflect actual gradual shifts in real-world applications. There are
also considerably different configurations of hardware, ingestion pipelines and external systems
that are used; therefore, comparisons are difficult. The lack of standardized definitions for end-
to-end latency or adaptation costs makes it impossible to determine if an improved result is the
product of improvements to the algorithm being optimized or merely the result of changes to
system configurations.

Experimental configurations, drift simulation methodologies, hardware environments,
and latency reporting practices differ substantially across the reviewed studies. As a result,
many reported performance improvements remain highly context-dependent and cannot yet be
interpreted as universally transferable across heterogeneous real-time streaming environments.

One domain that illustrates these issues is biomedical signal processing, because there are
stringent latency requirements along with significant non-stationarity and noise in the data.
Therefore, adaptation must occur within the prescribed bounded response times and maintain
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diagnosis reliability. Although biomedical signal processing reflects only one research domain,
it illustrates how adaptation, latency control and resource management interact under stringent
constraints.

For this reason, adaptive stream processing should be considered a cross-layer systems
issue, rather than merely an algorithmic one. In study [9], adaptation mechanisms, architectural
integrative strategies and system-level performance indicators are reviewed to identify the
shared tradeoffs and the existing research gaps leading to an integrated framework for these
three research domains in the subsequent sections.

The comparison of adaptive stream processing research is meaningful only when methods
are assessed in the context of architecture integration and system-level performance. The papers
[10-11] reflected the adaptation mechanism, streaming integration and computation
performance are assessed as a function of three dimensions in this Section.

The majority of papers investigate predictive accuracy with simulated streams. Deep
neural networks have been found to be accurate when used within the biomedical, IoT and
cyber-physical domains [12]. However, in most cases they have been evaluated in the context
of simulated streaming with sliding window replay, and their long-term stability under a variety
of load conditions is often not evaluated.

Paper [13] discussed distributed frameworks, such as Flink, Spark, Kafka and report on
scalability, throughput, and fault tolerance, however many have static models and retrain
outside of the streaming loop. Therefore, just because an infrastructure can scale, does not mean
it will also be adaptive.

The most recent studies [14-15] presented new methodologies that incorporate self-
learning, online learning, incrementally growing trees, ensemble classifiers, and drifting
detection capabilities, like ADWIN and DDM. These processes make an adaptive system more
robust to distribution shifts, but they do not frequently report on the cost of adaptation (e.g.,
update latency, synchronization overhead, or memory growth). Trade-offs between being
adaptive and deterministic in performance are regularly under-evaluated.

The use of GPUs, multi-core processors, and deploying edge can decrease latency, and
increase throughput, but they have typically only been evaluated with static models. The
interaction between continuous adaptation and hardware acceleration continues to be
understudied. The comparative synthesis of the reviewed studies revealed three recurring
structural patterns.

First, predictive accuracy is frequently evaluated independently from full end-to-end
system performance;

Second, the presence of scalable distributed infrastructure does not necessarily guarantee
effective adaptive capability or coordinated real-time optimization,

Third, adaptive resource management and system-level architectural coordination are
rarely implemented jointly.

All of these patterns demonstrate the lack of a systematic approach to facilitating systems
integration at the current functional level of integration (integration of multiple computers,
servers, and various types of software).

The 2022-2026 representative studies listed within Table 1 provide substantial evidence
for these patterns not only due to their different scope of application but due to their varying
methodology, as well as how these different methodologies lead to results that can be verified.
Ultimately, the use of different methodologies and the many documented instances of different
results not only provide evidence for the accuracy or inaccuracy of these representative studies
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but also for the gaps that exist in the field of research and development and for the multiple
types of trade-offs that may exist among the separate studies.

Table 1. Comparative overview of recent research on adaptive stream processing (2022-2026)

. Streaming data
Application Domain Methodological exchange Main results
approach
methodology
Biomedical CNN and LSTM Scenario-based High-fidelity, low-
monitoring domains Deep learning models | planning strategy latency analytics
. Spark Streaming style | Stable performance
IoT in Industry Transformer models processing throughout steady statc
. Online leaming Streaming continuous | Resistant to slow
Analytics of finance (SGD) strategy changes
. Rapid management of
. Drift-aware e .
Cybersecurity cases Distribution strategy | sudden changes in
ensembles L
distribution
Healthcare integrated Low-latency real time | Reduced training
. Incremental models o
devices pipeline overhead
Infras.tructural Smart Hocffding Tree Eveqt-drlven Flexﬂple learning paths in
domain architecture strategy real time
Analytics of Edge GPU-accelerated Mixed @dge and cloud Reducing
. computing .
domain models ) synchronization delays
infrastructure strategy

Table 1 supports the analytical finding that contemporary adaptive stream processing
studies optimize predictive performance, scalability, and adaptive capability unevenly across
different architectural layers rather than through fully coordinated system-level integration.

Current limitations in structural limitations and systemic weaknesses within current
biomedical streaming processing evidence structures demonstrate relevant barriers to providing
robust and reproducible biomedical streaming systems that are effectively implemented and
used in practice. Predictive modelling, the development of streaming infrastructure and
adaptive learning have progressed quite significantly through research and through the analysis
of multiple studies relating to each area; however, some key structural limitations will very
likely inhibit the robustness and reproducibility of biomedical streaming systems.

These structural limitations consist of significant disconnects between the adaptive
learning capabilities of most current biomedical streaming systems and the underlying
architecture used to support streaming processing; as many current systems are designed for
adaptive learning under the flawed assumption that the systems will be used in a static
deployment when attempting to simulate a continuous streaming system, thus limiting the
systems' ability to withstand gradual distributional shifts. While adaptive approaches increase
the adaptability of biomedical streaming systems, they often incur greater computational
overhead and introduce latency instability. Distributed frameworks, while improving the
scalability of streaming processing, remove the capability of adaptive learning to use the core
processing logic, thereby degrading the performance of streaming systems. Hardware
acceleration improves inference times; however, it is presupposed that loaded data will remain
stable over time and the synchronisation cost incurred between the hardware and the software
part of the streaming processing system has not been considered.
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Also, methodological heterogeneity is a significant limitation in comparing the
performance of existing biomedical streaming processing systems, as the methodologies used
across studies generally provide only mean latency and throughput metric reports and do not
typically provide reports on tail latency, jitter, long-term stability or end-to-end performance
profiling. Table 2 presents a synthesis of common barriers identified across the studies.

Table 2. Identified limitations and possible directions of solution

Identified limitation Systemic cause Potential research direction
. . o . Drift- line learni
Static model assumptions Lack of built-in adaptation | . rift aware ontine feathing
integration
. . Resource-aware adaptive
Latency instability Update and sync overhead scheduling
Archlte.cture—model Disjoint system design Cross-layer unified frameworks
separation
I 1 fi . C .
neomplete performance Focus on average metrics Full latency distribution analysis
evaluation
Adaptation—efficiency trade- Accurafsy-centered Joint optimization stratcgics
off evaluation
H - i i kl . o
?‘rdware adaptation Static wor oad Adaptive GPU/edge coordination
mismatch assumptions
Experimental inconsistency Heterogeneous setups Standardized evaluation protocols
Missing end-to-end profiling | Pipeline cost ignored Full system-level performance
modeling

Table 2 supports the analytical conclusion that many current limitations in adaptive
stream processing originate from structural fragmentation between adaptive learning
mechanisms, streaming architectures, and system-level performance management.

Currently, biomedical research using streaming data is insufficiently coordinated across
all relevant areas, including algorithm development, architecture design, and hardware
optimization. Identifying ways to bridge the existing gaps between these areas will require a
multi-layered collaborative approach that considers training adaptation, streaming data
integration, and real-time performance limitations across multiple parameters.

Materials and methodology

The research methodology in this study is a process of analytical review that includes
three components: bibliometric analysis, systematic selection and filtering of studies for
inclusion in the analysis, and a structured synthesis of methodological and architectural models.
The overall goal of the methodology is to provide a transparent, reproducible, and comparable
way of synthesizing research from multiple disciplines; while allowing, at the same time, for
flexibility in the analysis needed for interdisciplinary synthesis.

There are three parts that make up the review process. The first part of the process is
bibliometric landscape analysis. The second part is the systematic selection and filtering of
studies. The third part of the method is the structured analysis of the methodology and structure
of the included studies to produce a synthesis of the findings. We used the Web of Science
(WOS) Core Collection database to conduct the Bibliometric analysis. Publications were
retrieved based on a set of defined keywords relevant to Adaptive Learning, Stream Data
Processing, Online Learning, Concept Drift, Distributed Stream Processing, and Real-
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Time/Embedded Systems. Only English language articles and conference proceedings
published in peer-reviewed journals that appeared between 2011 and 2025 are included.

To improve methodological transparency and reproducibility, the literature search
strategy was constructed using controlled combinations of keywords associated with adaptive
learning, online stream processing, concept drift, distributed architectures, and real-time
systems. Additional verification of highly cited publications was performed through indexed
scientific databases to reduce the possibility of excluding influential methodological studies
relevant to adaptive streaming research.

The generalized search query included combinations of the following terms: (“adaptive
learning” OR “online learning” OR “incremental learning”) AND (*“stream processing” OR
“data streams”) AND (“real-time systems” OR “real-time analytics™”) AND (*concept drift” OR
“drift detection”). The search syntax was iteratively refined to improve thematic relevance and
reduce overlap between unrelated studies.

. Proportion of Total n , B Proportion within Main
Main Category o Top éubcategorles
Publications Category
Computer Science Theory & n
Methods
Computer Science Artificial ,
puter >cl 18.7%
Computer Science 58.0% Inte.lllgence _
ComEuter Science Information
10.2%
Systems
ComEuter Science Software
. . 7.7%
Engineering
Engineering Electrical & Electronic 11.3%
Engineering Industrial 5.4%
Engineering 24.0% .
Automation & Control Systems 4.1%
Engineering Multidisciplinary 3.2%
M ath tics & Statisti N Applied Mathematics 4.9%
athematics atistics .. o
! s Statistics & Probability 3.6%
Robotics 3.1%
Interdisciplinary & Applied N/ Telecommunications 2.7%
Domains Biomedical Engineering 2.3%
Smart Systems / 10T 1.4%

Figure 3. Disciplinary distribution of research into specific categories

According to the data presented in Fig. 3, scientific categories involved in the research
landscape are organisationally represented according to the contribution made by each
discipline to the development of adaptive stream processing. Based on this information, ASP is
primarily associated with the field of computer science, in addition to a secondary relationship
with engineering disciplines. Theoretical foundations for algorithmic modelling come from
mathematics, while applied contextually validating examples are available in multi-disciplinary
research areas, such as biomedical engineering and internet of things (10T) systems.

This bibliometric map establishes the disciplinary basis for the adaptive stream
processing field and the structural framework for methodological classifications used in
comparative studies across research domains.
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Figure 4. Structured analytical workflow of the review methodology

This is avisual representation of the structured analytical workflow used for conducting
this review as it shown in Fig. 4. To begin with, the first stage of the review involves defining
a problem framing and defining the objectives of the research and real-time research adaptation
criteria. The second stage consists of performing a controlled keyword-based database search
using the Web of Science Core Collection as a primary source, while also enforcing time-
boundaries and filtering for subject matter of interest to this review. Third, following retrieval
from the database, each study retrieved is subject to text review with respect to specific
inclusion and exclusion criteria as identified in the search process.

Studies were included in the review if they satisfied several conditions: publication in
peer-reviewed journals or indexed conference proceedings, relevance to adaptive or drift-aware
stream processing, presence of a real-time or near real-time operational context, and availability
of quantitative evaluation metrics such as latency, throughput, scalability, or adaptation
overhead. Studies focused exclusively on static batch-processing systems, conceptual
discussions without implementation details, or publications lacking quantitative validation were
excluded from the final analytical synthesis.

After the final classification of all selected articles according to multiple analytical
dimensions, including adaptation mechanisms, streaming architecture, performance criteria,
and application domain, the selected studies were comparatively synthesized to identify
structural deficiencies, recurring research gaps, and cross-layer integration patterns. This
process additionally supported the development of a synthesized analytical framework for
adaptive stream data processing in real-time systems derived from comparative cross-study
analysis.

To improve analytical consistency, the selected studies were additionally evaluated
according to methodological quality dimensions including reproducibility of experimental
configuration, completeness of latency and throughput reporting, architecture-level integration,
scalability validation, and the implementation of adaptive mechanisms. Publications containing
incomplete methodological descriptions or limited system-level reporting were considered
partially representative within the comparative synthesis.
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Figure 5. Study selection process based on PRISMA

Fig. 5 shows the PRISMA-based flowchart. It was used to select the studies for the
adaptive streaming data processing research between 2011 and 2025. A total of 742 records
were taken from the Web of Science database, using controlled keywords for adaptive learning,
streaming data processing, concept drift, and real-time systems. After filtering these records by
document type, language, date range, and subject area, there were 491 documents left to be
reviewed for titles and abstracts. During the first stage of screening, 326 studies were identified
as having no streaming context in real-time or had not used adaptive systems or only addressed
batch operations; thus, those 326 studies were removed from further evaluation. Therefore,
there are 165 articles remaining to examine for eligibility against the evaluation criteria related
to the system including actual latency and what the throughput, scalability and adaptive
performance. Following this process, 107 studies were removed due to no quantitative
performance validation or implementation details, leaving 58 studies to be included within the
final qualitative assessment and comparative analysis.
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The PRISMA-based selection procedure ensured a transparent multi-stage filtering
process. Duplicate and weakly relevant publications were removed during title and abstract
screening, while eligibility assessment focused on adaptive capability, real-time deployment
relevance, and the presence of quantitative system-level evaluation metrics. Studies lacking
reproducible implementation details or comprehensive experimental validation were excluded
to strengthen the methodological reliability of the final review corpus.

LAYER 1: PHYSIOLOGICAL DATA STREAM LAYER 2: REAL-TIME INGESTION & TEMPORAL
GENERATION ALIGNMENT
EEG ECG EMG ICU multimodal ~ Wearable -Kafka / Pulsar broker
signals loT -Event-time synchronization
-Dynamic buffering & backpressure
Properties: non-stationary | noisy | variable sampling -Missing-data handling
LAYER 4: ADAPTIVE LEARNING MODULE
LAYER 3: DISTRIBUTED STREAM Model Class
EXECUTION ENGINE -Incremental LSTM / Online CNN

-Flink / Edge runtime -Adaptive Transformer

-Sliding / adaptive windowing Adaptation Mechanisms
-Stateful operators - Drift Detection (ADWIN / DDM)
-Adaptive window resizing

-Dynamic learning rate control

-Model replacement / ensemble switching

-Resource-aware task scheduling

LAYER 5: PERFORMANCE-AWARE OPTIMIZATION & CONTROL
Metrics
Comprehensive statistical profiling of end-to-end latency distribution including tail-risk behavior (mean, p95, p99)
Throughput robustness evaluation under dynamically varying and non-stationary biomedical input streams
Memory utilization efficiency and scalable state management in distributed streaming environments
Energy-performance efficiency modeling for edge-enabled and resource-constrained real-time deployments

Control Logic
Dynamic adaptation scheduling based on drift intensity indicators and real-time performance degradation signals
Resource-aware incremental retraining under bounded computational and memory constraints
Multi-objective optimization of predictive accuracy and deterministic latency guarantees in real-time systems

Figure 6. Multi-layer architecture for real-time processing of biomedical streaming data

Fig. 6 illustrates the conceptual analytical framework synthesized from the reviewed
literature for cross-layer adaptive processing of biomedical signal streams in real-time
environments. Data collected from various heterogeneous sources, such as EEGs, ECGs,
EMGs, ICUs and wearable devices can be processed in a distributed fashion and learned from
by incorporating embedded adaptive learning mechanisms into one continuous closed-loop
system. Incremental deep models and drift detection methods are able to run directly within the
streaming workflow, while the performance-aware control layer continuously sweeps through
the latency of the processes; distribution of processed streams based upon throughput stability
and memory use; and energy efficiency. Dynamic adaptation occurs in realtime within defined
constraint boundaries to maintain consistent high-quality predictions without exceeding the
deterministic deadlines for completion.

Results and Discussion

The structured analysis of 58 studies demonstrated that adaptive streaming processing
research has evolved unevenly across different methodological and architectural directions
during the period from 2011 to 2025. Biomedical applications are the most prominent and are
followed by both industrial 10T and smart infrastructure to demonstrate the strong connection
between non-stationary environments and the necessity for making real-time decisions. The
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comparative synthesis across the reviewed studies demonstrates that many adaptive stream
processing approaches continue to optimize isolated system properties independently rather
than implementing fully integrated cross-layer adaptive coordination.

These findings are further supported by conceptual analysis, indicating that adaptive
models improve robustness under concept drift, while introducing additional computational
overhead and latency variability. Among the reviewed studies, adaptive ensemble methods,
incremental learning models, and drift-aware architectures represented the dominant
methodological approaches. However, only a limited subset of publications reported
comprehensive end-to-end system evaluation metrics including tail latency, jitter analysis, or
long-term operational stability.

Figure 7. Results of the empirical distribution of studies found in this review

Fig. 7 illustrates how real-time processing has considerable focus from a conceptual
standpoint, yet the evaluation methodologies applied across the reviewed studies remain highly
heterogeneous. Empirical evaluations are performed predominantly through replay or sliding
window simulation methods, whereas the number of actual online streaming installations is
relatively low. Further, the most frequently reported metrics at the system level have been
average latency and infrequent reports of tail latency or end-to-end profiling, suggesting that
comprehensive reporting of unpredictable operational behaviour remains limited.

This analytical observation demonstrates that evaluation methodology standardization
remains insufficient across adaptive real-time streaming research.
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Adaptability vs real-time rigor (bubble size = #studies)

Adaptability (O=static, I=online, 2=drift-aware)

Coverage across key evaluation criteria (share of studies)

Figure 8. Results of structural constraints patterns

The analysis of the layers in Fig. 8 indicates that the trade-offs between rigorous structural
evaluation and structural adaptability are manifested with the operational mechanisms of drift
awareness and online adaptation providing greater robustness to distribution shifts as well as
being more broadly reported in terms of latency distributions and resource accounting.
Conversely, while there is a more consistent performance report associated with static models
and partially adaptive systems, there is also increased fragmentation between innovations to
algorithms and their validation against architecture.

In addition, based upon cross-layer integration matrices and rates of gap distribution
shown in Figure 8, that there is no inherent embedded adaptability provided by the distribution
framework in which scalability exists. As a result, the presence of static deployments continues
to exist within scalable infrastructure environments, thereby maintaining significant research
gaps related to tail latency analysis and end-to-end operational visibility. In summary, the
findings of this research demonstrate that while the fields of adaptive streaming processing
research have been growing across individual dimensions of adaptability, they have yet not
been developed as fully coordinated systems. Fig. 8 supports the analytical finding that
increasing adaptive capability is frequently associated with higher architectural complexity,
synchronization overhead, and reduced determinism of real-time performance.

Despite substantial progress in adaptive stream analytics, the reviewed literature
continues to demonstrate fragmentation between adaptive learning algorithms, distributed
streaming infrastructures, and deterministic real-time performance management. Most
contemporary approaches optimize isolated system dimensions independently, including
predictive accuracy, throughput, scalability, or adaptation capability, while comparatively few
studies propose fully coordinated cross-layer adaptive architectures suitable for robust
deployment in highly dynamic operational environments.
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Conclusion

The Meta-analysis examined 58 studies of on-line adaptation for stream processing in
real-time systems and found that there is increasing evidence of evolution towards drift-aware
and scalable architectures related to the stream processing systems. The comparative analytical
synthesis additionally revealed persistent structural fragmentation between adaptive
mechanisms, streaming infrastructures, and deterministic real-time performance evaluation
approaches. Additionally, while predictive robustness has improved, the systematic reporting
of performance characteristics such as latency distributions, cost of updating, or cost of going
from ingestion to decision making have also been very limited. The analytical findings of the
review highlight the importance of balancing adaptability and deterministic latency stability
within real-time streaming systems. Future research should focus on lightweight adaptive
mechanisms that minimize computational overhead while preserving model responsiveness
under dynamic data conditions.

Key Analytical Findings of the Review

1) The comparative analysis of the reviewed studies demonstrated a consistent trade-off
between predictive adaptability and deterministic latency stability in real-time streaming
systems.

2) Cross-study synthesis revealed that current adaptive stream processing research
remains fragmented across algorithmic, architectural, and infrastructure layers, limiting
coordinated system-level optimization.

3) The analytical review identified that most existing studies evaluate average latency and
throughput while insufficiently reporting tail latency, jitter, synchronization overhead, and
adaptation cost.

4) The reviewed distributed streaming frameworks frequently provide scalability and
fault tolerance but lack embedded mechanisms for coordinated adaptive learning and drift-
aware optimization.

5) The synthesis of the reviewed literature indicates that unified cross-layer adaptive
architectures remain one of the primary unresolved challenges for robust real-time intelligent
streaming systems.

An overall conclusion from this study is that there is a strong need for unified cross-layer
frameworks for adaptive learning, integration of architectures, and multi-dimensional real-time
performance constraints to achieve better results with reliable real-time intelligent systems in
biomedical, industrial, and cyber-physical domains. Future research should focus on developing
standardized evaluation protocols and adaptive scheduling strategies that maintain latency
stability during dynamic changes in the evolution of the data distribution.
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