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Korostin O. Optimising Machine Learning Integration in Real-Time Text Analytics Platforms: Technical
Approaches and Performance Criteria. The article investigates the integration of machine learning into real-time platforms for
analysing text streams. The relevance of the topic is driven by the growing volume of unstructured textual data and the need for its
prompt and accurate processing to support decision-making in such fields as media monitoring, cybersecurity, finance, and
healthcare. The effectiveness of such platforms is shown to depend on the adaptability of algorithms, analysis accuracy, scalability,
and transparency of results. Special attention is paid to the technical aspects of implementation, including distributed architecture,
streaming data processing, optimisation of computing resources, and integration of explainable models. The purpose of the article
is to study the possibilities of integrating machine learning algorithms into real-time platforms for analysing text streams, in
particular, to develop approaches to improving the efficiency of data processing, ensuring their transparency and adaptability in a
changing information environment. To achieve this goal, the study applies a combination of literature analysis, comparative
evaluation of existing algorithms, and an experimental assessment of technical solutions. The findings indicate that the main
challenges of integration include the computational complexity of deep models, scalability constraints, and delays in data stream
processing. It has been shown that the use of distributed computing technologies, hardware accelerators (GPU/TPU), and online
learning mechanisms significantly improves the performance of such platforms. The application of adaptive algorithms capable of
real-time parameter updates increases analysis accuracy under unstable data conditions. The study concludes that integrating
machine learning into real-time systems enhances the speed, reliability, and scalability of text analytics. Further research should
focus on developing universal multilingual platforms that combine energy efficiency, modularity, and high analytical performance.
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computing, performance optimisation, algorithm transparency.

Kopocrtin 0.0. OnTumizauis iHTerpauii MalIMHHOr0 HABYAHHA y NMJIAaTGOPMH aHATI3y TEKCTOBHX HMOTOKIB Y
peajibHOMY 4aci: TexHiyHi migxoau Ta KpuTepii egekTHBHOCTI. Y CTATTI ZOCTIMKYETHCS iHTErpalis aarOpUTMIB MAITHHHOTO
HaBYaHHA y IUTaTOPMHU PEAFHOTO Yacy Ul aHali3y TeKCTOBUX MOTOKIB. AKTYalbHICTh TEMU 3yMOBJICHA CTPIMKHM 3POCTaHHIM
00CsTiB HECTPYKTYPOBAaHHUX TEKCTOBUX NAHWX Ta HEOOXIMHICTIO 1X CBO€YacHOI 0OpOOKW Ui MIATPUMKH NPUHHATTSA PIilIeHb Y
chepax Meia-MOHITOPUHTY, KibepOesnekH, GinanciB i Mequnuan. [Toka3aHno, 0 eheKTUBHICTh TAKUX MIAT(HOPM 3aJICKUTH Bij
aJIalITUBHOCT] aJTOPUTMIB, TOYHOCTI aHajdi3y, MacmtaboBaHOCTI Ta MPo30pocTi pe3ynbrariB. OcoONMBY yBary HpUILIEHO
TEXHIYHUM acIeKTaM peaiisalii, 30KpeMa po3INoJiIeHiil apXiTeKTypi, MOTOKOBIH 00poOLi AaHHUX, ONTHMI3aLil 00UNCITIOBATBHUX
pecypciB i BIPOBA/PKCHHIO IOSICHIOBaHMX Mojeieil. MeTolo CTaTTi € IOCHiKeHHsS MOXIIMBOCTEH iHTerpamii aJropuTmiB
MAIIMHHOTO HaBYaHHS Yy TUIaTGOpMHU peambHOTO Hacy AJsl aHaNli3y TEKCTOBHX IOTOKIB, 30KpeMa PO3poOIeHHs MiIXOIiB 10
MiABHIIEHHS eeKTHBHOCTI 00pOOKH JaHMX, 3a0e3MeueHHs iX MPO30pOCTi Ta aTaNTHBHOCTI B YMOBaX 3MiHHOTO iH(OPMAIIIfHOTO
cepenoBumia. sl JOCATHEHHS MOCTABJACHOI METH BHKOPHCTaHO METOIM aHaji3y HAayKOBUX JUKEpes, HMOPIBHSAHHS ICHYIOUHX
AITOPHUTMIB Ta EKCIIEPUMEHTAIBHOTO TOCTIHKEHHSI TEXHIYHUX pillleHb. Y pe3yabTaTi BCTAHOBJIEHO, [0 OCHOBHUMH NpoOieMaMu
iHTerpauii € BUCOKa 00UMCITIOBAIBHA CKIIAJHICTh TIIMOOKHX MOJelei, 0OMeXeHHs1 MaclITabOBaHOCTI Ta 3aTPUMKHU IPU 00poOII
moTokiB. JloBeAeHO, IO 3aCTOCYBaHHS TEXHOJIOTIH pPO3MOAUICHUX O0YMCIEHb, amapaTHuUX mpuckoproBadiB (GPU/TPU) Ta
MEXaHi3MiB OHJIalH-HaBYaHHS CYTTEBO Mi/IBUIIYE MPOIYKTHBHICTh TaKUX MIaTGopM. BrpoBakeHHs aJanTHBHUX aITOPUTMIB 3
MOXKJIMBICTIO OHOBJICHHSI [TAPaMETPIiB y pealbHOMY 4Yaci MOKpallye sKICTh aHali3y B yMOBaxX HECTaOUIbHHUX JaHUX. 3p0OJIeHO
BHCHOBOK, IO 1HTETpaIlisl MAIIMHHOTO HABYaHHS Y IJIaTGOPMH PEalbHOTO Yacy 3abe3rneuye ImiIBUIIEHHS MIBUAKOCTI, HaJIIHOCTI
Ta MacmTabOBaHOCTI AHANITUKH TEKCTOBUX NOTOKIB. llepcrieKTHBH MOIANbIINX AOCTIHKEHb IIOB’S3aHI 3 PO3POOIEHHIM
yHIBepCaJbHUX 0araTOMOBHUX IUIATGOPM, SKi TOEIHYIOTH €HEproe(eKTUBHICTh, MOIYIBHICTH 1 BHCOKY aHATITHYHY
MIPOAYKTHUBHICTB.

Kiio4oBi cj10Ba: ManivHHE HABYAHHS, TEKCTOBI MOTOKH, MIaTGOPMHU PeasIbHOTO Yacy, aAalTHBHICTh AITOPUTMIB, aHaII3
JaHHUX, PO3MOiNICHI 00YHCIICHHS, ONTHUMI3aLlisi IPOAYKTUBHOCTI, IPO30PICTh AITOPUTMIB.

Problem statement. With the development of digital technologies, the amount of textual data
generated in real-time is growing exponentially, creating challenges for the efficient collection, processing
and analysis of information. Traditional rule-based or statistical methods often lack the flexibility and speed
required to extract meaningful insights from unstructured, dynamic, and multilingual text streams. In
contrast, machine learning offers a powerful toolkit for recognising patterns, adapting to changing data, and
handling complexity without manual intervention.

Machine learning, as a key component of modern information systems, provides methods for
identifying key trends, classifying data, predicting events, and even automatically generating content — all
of which are increasingly needed in high-pressure, time-sensitive contexts. The application of machine
learning to real-time analytics aims to address the problem of latency and information overload: when data
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arrives faster than it can be analysed using conventional tools, critical decisions may be delayed or
misinformed. By integrating machine learning into real-time platforms, the goal is to enhance the speed,
scalability, and adaptability of analytical systems to support decision-making in domains such as media
monitoring, crisis response, financial forecasting, and cybersecurity. These are areas where milliseconds
matter, and where insight must be extracted from large volumes of unstructured text with minimal delay.

The application of machine learning for real-time text stream analysis requires solving a number of
important scientific and practical tasks. In particular, this includes the development of efficient algorithms
capable of analysing text data in real-time, optimising the use of computing resources, and ensuring
transparency and explainability of the analysis results. The scientific significance of the research lies in the
formation of new approaches to text data processing that will contribute to the development of artificial
intelligence methods and expand their applications. The practical significance is determined by the
possibility of integrating these developments into real platforms for analysing information flows, which
will help to increase the efficiency of decision-making, reduce risks and improve management processes.

Analysis of the latest research and publications. Integrating machine learning into real-time
platforms for analysing text streams is a relevant area of research that demonstrates significant
achievements in improving the accuracy, speed, and adaptability of data processing. A. Guha and
D. Samanta [1] developed a multi-level text classification system that provides high accuracy of results in
real time by combining machine learning algorithms. Their approach proved effective in minimising
document classification errors, which is especially important for streaming data.

M. Yu, Q. Huang, H. Qin, C. Scheele and C. Yang [2] studied applying deep learning to social
media analysis during disasters like hurricanes. Their approach proved highly effective in real-time,
allowing for the rapid identification of critical information and situational awareness. In their review, Q.
Li, H. Peng, J. Li, et al. [3] examinedail the evolution of text classification, focusing on deep learning
methods. The results confirm that such approaches significantly increase classification accuracy, even for
large amounts of streaming data.

G. Gomes, J. Read, A. Bifet, and J. Gama [4] studied the main challenges of working with streaming
data and proposed adaptive machine-learning models to ensure the stable operation of real-time systems.
Their study emphasises the importance of optimising algorithms for high-speed text processing. In their
review, M. Bahri, A. Bifet, J. Gama, and S. Maniu [5] identified the key tasks of data stream analysis and
emphasised the need to standardise processing methods to improve their efficiency.

B. Hammou, A. Lahcen, and S. Mouline [6] developed a distributed architecture for streaming
analytics that uses recurrent neural networks and FastText. Their approach significantly reduced text
processing time and demonstrated high performance even under heavy load. A. Rodrigues, R. Fernandes,
A. Shetty, et al. [7] studied methods for detecting spam in social networks and showed that their model
provides more than 90% accuracy in real time. These results confirm the importance of combining machine
learning and deep learning methods.

D. Jayanthi and G. Sumathi [8] proposed a powerful framework for streaming analytics that
demonstrates high speed of processing text streams. Their method allows for efficient management of
dynamic data, particularly in large systems. S. Minaee, N. Kalchbrenner, E. Cambria, et al [9] performed a
comprehensive analysis of deep learning methods for text classification, emphasising the high accuracy of
hybrid models. K. Lopes Dias, M. A. Pongelupe, W. M. Caminhas, and L. de Errico [10] developed an
innovative model for network traffic classification that demonstrated high adaptability and can be used for
text analysis. M. Umer, Z. Imtiaz, M. Ahmad and co-authors [11] proved that the combination of FastText
and convolutional neural networks significantly improves text classification results by increasing the
accuracy and processing speed.M. Yu, H. Qin, Q. Huang et al. [12] presented an effective solution for
analysing social media in emergency situations. Their approach made it possible to quickly identify critical
information, providing fast decision-making. N. Sharma, R. Sharma, and N. Jindal [13] considered the
application of machine learning in text analysis, emphasising its important role in processing large amounts
of data. S. Boppiniti [14] studied streaming analytics with a focus on dynamic decision-making, proposing
a model that optimises real-time text processing. O. Khodorkovskyi [15] examined methods of training
artificial intelligence agents for process control systems that allow the integration of machine learning into
current platforms.

The results of the analysis confirm that the use of machine learning to analyse text streams in real
time allows achieving high accuracy, efficiency, and adaptability. The key areas are the development of
adaptive algorithms, hybrid models, and optimisation of methods for processing large amounts of data.
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Identification of previously unsolved parts of the problem. Despite significant progress in the
application of machine learning to text stream analysis, the problems of algorithms' adaptability to dynamic
conditions, noisy data, and multilingualism remain unresolved, which reduces the accuracy and speed of
analysis. The absence of universal evaluation criteria that take into account scalability, transparency and
noise resistance limits the effectiveness of current approaches.

Technical challenges of integration, including scalability and resource optimisation, make it
difficult to implement productive real-time solutions due to significant computational costs.

The study aims to overcome these gaps by analysing the adaptability of algorithms, developing
evaluation criteria, and optimising technical solutions to improve the efficiency of platforms in dynamic
environments.

The purpose of the article is to study the possibilities of integrating machine learning algorithms
into real-time platforms for analysing text streams, in particular, to develop approaches to improving the
efficiency of data processing, ensuring their transparency and adaptability in a changing information
environment.

Obijectives of the article:

1. To analyse modern machine learning methods used to analyse text streams in real time and to
develop criteria for their evaluation, taking into account the efficiency of working with large amounts of
data.

2. Investigate the technical aspects of integrating machine learning algorithms into real-time
platforms, including scalability, computational performance, and adaptability to dynamic conditions.

3. Develop recommendations for optimising machine learning algorithms to improve the accuracy,
performance and stability of text stream analysis.

Summary of the main material. The key motivation for applying machine learning to real-time
text analytics lies in its ability to overcome the limitations of traditional rule-based systems, which struggle
to scale, adapt, and interpret dynamic, high-volume data flows. In real-time environments, it is essential to
extract relevant insights from constantly updating unstructured text, where the volume and velocity of data
often exceed the capacity of manual or static analytical tools. Machine learning enables automated, flexible,
and context-aware processing, making it a critical component for timely and accurate decision-making.

Real-time analysis of text streams using machine learning methods is one of the key tasks of modern
information systems. The methods used to solve these tasks include text classification, topic detection,
sentiment analysis, anomaly detection, and text generation. These algorithms allow processing large
amounts of data in a short time, providing the ability to make quick decisions based on the analysis of
relevant information. The most popular approaches are deep learning models (neural networks), natural
language processing (NLP) methods, and classical classification and regression algorithms (Table 1).

Table 1 — Modern machine learning methods for analysing text streams in real time

Method Description Advantages of using
Neural networks Provides context-aware text analysis | High accuracy of text analysis with
(RNN, LSTM, by processing word sequences. contextualisation; scalability to
Transformer) work with big data.
Classification Methods such as SVM or Random Easy to implement; fast processing
algorithms Forest are used to categorise text. of small amounts of data; efficient

for basic tasks.
Thematic modelling Identify the main themes in large text | Automation of text stream analysis;

(LDA) datasets. ability to process heterogeneous
texts.
Sentiment analysis It is used to determine the emotional Application in marketing and
tone of a text, positive or negative. customer experience research;
adaptability to different domains.
Anomaly detection Methods for finding atypical texts or Improved security; effective in
behavioural patterns in text streams. detecting rare events or threats.

Source: compiled by the author on the basis of [1; 2; 4; 5].

Real-time analysis of text streams using machine learning methods is one of the key tasks of modern
information systems. The methods used to solve these tasks include text classification, topic detection,
sentiment analysis, anomaly detection, and text generation. The most popular approaches include deep
learning models (neural networks), natural language processing (NLP) methods, and classical classification
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and regression algorithms. For example, neural networks such as GPT are widely used for automatic text
generation, providing high accuracy and contextual relevance [16]. BERT, developed by Google, has
become the basis for many NLP applications due to its ability to consider both the text's previous and
subsequent context [17]. TensorFlow, a leading platform for developing machine learning models, offers
tools for implementing sentiment analysis and text classification [18]. Scikit-learn effectively implements
methods such as classification and topic modelling, in particular through the LDA algorithm [19]. IBM is
actively implementing real-time solutions focused on data analysis and anomaly detection, which allows
automating processes in various industries [20].

These methods and platforms are key to ensuring practical real-time analysis of text streams,
improving the accuracy of data processing, and adapting to changing conditions.

Evaluation of algorithms' effectiveness for working with large amounts of text data is based on
generally accepted criteria that allow determining whether an algorithm meets the tasks set. Such criteria
are used to analyse algorithms' performance, accuracy, scalability, and adaptability in different conditions.
They are universal and can be used to evaluate algorithms in many areas, including real-time text stream
analysis. The main criteria include accuracy, which describes the level of conformity of the results to the
expected ones, speed, which determines the ability of the algorithm to process data in real time, noise
tolerance, which shows its effectiveness in cases with incomplete or corrupted data, and scalability, which
ensures the ability to work with increasingly large amounts of information. The transparency of the
algorithm also plays an important role, as it allows for the interpretation of the results, which is critical in
areas such as medicine or finance (Table 2).

Table 2 — Criteria for evaluating the effectiveness of algorithms for working with large amounts of
text data

Criterion Description Relevance to modern
conditions
Analysis accuracy The percentage of correctly Ensures the reliability of the
processed text data. results required for decision-
making.
Speed of operation The time required to process one | Allows you to process large
text stream. amounts of data in real time.
Resistance to noise The ability of the algorithm to Increases efficiency in
work with incomplete or situations with a large
damaged data. number of incorrect records.
Scalability The ability of the algorithm to Allows the algorithm to be
work with increasingly large used in large systems.
amounts of data.
Transparency of results The level of clarity of the results Ensures confidence in the
obtained for the end user. results and the ability to
interpret them.

Source: compiled by the author on the basis of [3; 4; 5; 9; 11].

Each of these criteria has practical implications for data analytics. For example, accuracy is key in
areas such as medicine or finance, where even minor errors can have serious consequences. The speed of
the algorithm is especially important in real-time systems, for example, for monitoring crisis situations or
detecting fake news on social media. Resistance to noise ensures efficiency in working with low-quality
data, which is often the case in open sources. Scalability allows algorithms to maintain performance even
if the volume of text streams increases significantly. Transparency of results helps to increase trust in
algorithms, as users are able to understand how certain conclusions were reached.

In real life, these criteria are interrelated: a highly accurate algorithm may require more time to
process data, and scalability may affect noise resistance. Therefore, their use in combination allows you to
balance different aspects of efficiency and find the best solution for a particular task.

Integration of machine learning into real-time platforms for text stream analysis requires not only
high accuracy of algorithms, but also the ability of systems to provide stable performance in dynamic
conditions [4]. One of the key aspects is the optimal use of computing resources, which affects the speed
of text data processing, system resilience to high loads, and scalability.

The technical implementation of such platforms includes three key elements: the architectural
organisation of the system, data flow management, and algorithm adaptability. The architectural component
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involves the use of multi-level distributed systems that allow processing text streams in parallel, reducing
delays. Data flows are managed through streaming processing platforms such as Apache Kafka, which
allows for real-time information processing. The adaptability of algorithms implies their ability to
dynamically adjust parameters to reduce computational complexity (Table 3).

Table 3 — Technical aspects of integrating machine learning into real-time platforms for analysing
text streams

The integration aspect Technical description Expected effect
Distributed architecture Organising computing on Improved system
multiple nodes to reduce latency performance and stability
and increase speed. under high loads.
Data flow management Processing information as it Reduced time for analysing
arrives with minimal delay. text streams.
Adaptability of algorithms Dynamic optimisation of model Improved processing
parameters during processing. accuracy by adjusting to
changing conditions.
APl integration Interaction with other systems Improved accessibility and
for data transmission and interoperability between
processing. platforms.
Energy efficiency Optimising hardware Reduced energy
performance to reduce energy consumption and
consumption. infrastructure support costs.

Source: compiled by the author on the basis of [4; 5; 6; 8; 10; 15].

Table 3 demonstrates the key aspects of integrating machine learning into real-time platforms, each
of which addresses specific technical challenges required to ensure the stable operation of such systems.
Distributed architecture is the basis for efficient processing of large amounts of data, as it allows for even
distribution of computational loads across multiple nodes, reducing latency and increasing system
performance. This approach is indispensable for platforms that work with scalable text streams, where the
amount of data can change dynamically.

Data flow management provides real-time information processing, which minimises delays in the
transmission and analysis of text streams [7]. This allows platforms to respond to new data in a timely
manner, which is critical for monitoring social media or identifying crisis events. The adaptability of the
algorithms allows the parameters of machine learning models to be dynamically adjusted in accordance
with changes in the structure and content of text streams, which ensures more accurate analysis even in the
face of uneven or unpredictable data flow.

API integration helps to create flexible systems that can effectively interact with other platforms
and data sources. This ensures synchronisation between different modules of the system, which is especially
important for large corporate platforms where compatibility of various software is required. Energy
optimisation minimises the cost of computing resources, reducing financial and environmental costs while
ensuring high system performance.

Such technical solutions are the basis for creating effective platforms that can meet the requirements
of a modern dynamic environment and provide high-quality real-time analysis of text streams.

To confirm the practical applicability of machine learning integration into real-time text stream
analytics platforms, an experimental environment was developed to simulate the operation of a typical high-
load analytical system. The setup included a streaming data input module, a processing infrastructure for
machine learning models, and a real-time performance monitoring unit.

The input data stream consisted of 10,000 short multilingual text messages in English, German,
and Ukrainian, arriving at a speed of 150 messages per second via Apache Kafka. The dataset included a
variety of content types — news headlines, social media posts, and synthetic messages — with intentional
noise such as spelling errors, abbreviations, emojis, and mixed language segments to reflect real-world
conditions.

Text processing was performed using three different machine learning models: a classical Support
Vector Machine (SVM) classifier, a Random Forest ensemble, and a BERT transformer model
implemented in TensorFlow using the HuggingFace Transformers library. The system was deployed in a
virtualized environment using Docker containers, with workload orchestration handled via Kubernetes. The
computational infrastructure included an Intel Xeon Silver 4216 32-core processor, an NVIDIA Tesla T4
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GPU (16 GB), and 128 GB of RAM. Model performance was tracked in real time using TensorBoard,
capturing metrics such as latency, accuracy, and resource utilization.
Table 4 — Comparative evaluation of machine learning models for real-time text stream processing

Model Classification Average Resource Noise Notes
accuracy (%) latency per utilization robustness
message (ms) (CPU/
GPU)
SVM 78.4 13 25% / 0% Low Fast, but weak
against
unstructured or
noisy data
Random forest 81.2 24 35% / 0% Medium Requires pre-

cleaned input for
optimal results

BERT 92.7 81 60% / 85% High Highest accuracy,
(TensorFlow) but resource-
intensive

Source: own author’s development

The results of the experiment demonstrate that the BERT model achieves the highest classification
accuracy and shows excellent robustness to noise and non-standard input, making it highly suitable for real-
time scenarios where data structure varies rapidly. However, its performance comes at the cost of significant
GPU usage and higher latency. The Random Forest model provides a reasonable compromise between
accuracy and computational efficiency, performing well when the input stream is preprocessed. The SVM
classifier delivers the lowest latency, but its accuracy degrades noticeably when handling noisy or
multilingual text streams.

This simulation allowed the observation of trade-offs between accuracy, resource consumption,
and real-time responsiveness—factors critical for designing efficient, scalable, and adaptive machine
learning-based platforms for text analytics.

To visualize the architecture used in the experiment, a simplified block diagram is presented in
Figure 1, illustrating the flow of data and interaction between system components.

Processing Cluster (K8s)
- SVM Model
- Random Forest
- BERT (TensorFlow)

Data Stream (Kafka)

Monitoring Module
(Latency, Accuracy, Performance Report
Resource Usage - RT)

Fig.1. Experimental architecture for real-time text stream analysis

The diagram illustrates the sequential flow of data in the experimental setup: incoming text streams
are transmitted via Apache Kafka to a Kubernetes-based processing cluster containing machine learning
models (SVM, Random Forest, and BERT). The outputs of these models are forwarded to a real-time
monitoring module that captures key performance metrics, including latency, classification accuracy, and
system resource usage. The final evaluation is presented in the form of a performance report.

Integrating machine learning algorithms into real-time text stream analysis platforms faces
numerous challenges that affect the efficiency, accuracy, and adaptability of such systems in dynamic
environments. The main problem is the computational complexity of algorithms, especially deep learning
models such as GPT [15] or BERT [16], which require significant resources to process large amounts of
text data. Implementing such models in real-time systems where minimal latency is critical makes it
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difficult. This limitation is particularly evident in edge computing environments or mobile platforms with
restricted CPU/GPU capacities, where large-scale models cannot be deployed without aggressive model
compression or simplification.

Another significant problem is related to the variability of text streams. In dynamic environments,
such as social media or crisis communications, the content and structure of text data are constantly
changing, leading to a decrease in model accuracy due to outdated parameters. The ability of algorithms to
adapt to these changes is limited, affecting the analysis quality. Most current models are trained in batch
mode and lack support for continuous learning or online adaptation, which reduces their effectiveness when
patterns shift rapidly. Additionally, re-training models in real time is often not feasible due to the high
computational cost.

Data complexity, such as multilingualism, different formats, or a significant amount of noise, also
creates challenges for effective analysis. For example, algorithms may not correctly process texts that
contain grammatical errors, abbreviations, or specialised vocabulary, which is common in real-world data
streams [14]. Moreover, many NLP models are initially trained on formal or structured datasets, which
makes them poorly suited for analysing informal or domain-specific language unless fine-tuned — a
process that again requires annotated data and time.

Another problem is the platforms' scalability. With a significant increase in the amount of data or
the number of users, systems can lose stability, which affects the processing speed and accuracy of the
results. This requires complex technical solutions, such as distributed computing, which are not always
easy to integrate into existing infrastructure. Furthermore, scaling real-time systems involves challenges
not only in computing but also in synchronising data flows, managing resource contention, and maintaining
low-latency performance across nodes.

The transparency of algorithms and difficulties in interpreting the results are also serious
challenges. Most modern models operate as black boxes, making it difficult to understand decision-making
processes, especially when mistakes such as medicine or finance can have serious consequences. This lack
of interpretability limits their practical use in regulated domains, where explainability is legally or ethically
required. Additionally, concerns about algorithmic bias and the inability to audit model behaviour in real
time are significant obstacles to their safe deployment.

Optimisation of algorithms for real-time text stream analysis requires consideration of both
technical and methodological aspects to achieve high performance and accuracy. One of the key areas is
the use of hybrid models that combine the advantages of multiple approaches, such as deep learning and
topic modelling. This combination helps improve analysis flexibility and better handle heterogeneous,
noisy, or multilingual data typical for real-time environments.

Another important aspect is the optimisation of computing resources, especially relevant for
systems with limited processing capacity (e.g., mobile or edge devices). Distributed computing solutions
and hardware accelerators such as GPUs or TPUs [7] allow for real-time processing of large text volumes.
In addition, the use of containerisation platforms like Docker and orchestration systems such as Kubernetes
ensures dynamic scalability and efficient resource allocation depending on workload fluctuations [8].

To address the problem of outdated model parameters and ensure responsiveness to changing input
streams, it is necessary to implement online learning mechanisms that support incremental updates. This
approach improves adaptability and maintains accuracy in fast-changing environments, such as social
media monitoring.

Given the prevalence of noisy and unstructured data in real-world streams, preprocessing methods
such as text normalisation, spelling correction, removal of duplicates, and handling of special symbols
should be integrated as a standard pipeline component.

To overcome the challenge of algorithmic opacity and improve interpretability, it is recommended
to use explainable models (XAI) [9], especially in high-risk domains like medicine or finance. These
models support transparency and allow users to understand the basis for specific conclusions or predictions.

Regular testing and validation of algorithms on real-time data streams should be an essential part
of deployment to identify performance degradation or bias early. It is also advisable to adopt energy-
efficient computing practices and lightweight model architectures to ensure sustainability, especially in
large-scale and always-on systems.

Thus, optimisation of machine learning algorithms must be multi-layered and closely aligned with
real-time system constraints. Only such a holistic approach will ensure the reliable and efficient operation
of text stream analysis platforms in dynamic and resource-sensitive environments.
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Conclusions and prospects for further research. The study confirmed that integrating machine
learning into real-time text analytics platforms significantly enhances their accuracy, adaptability, and
efficiency in dynamic environments. Transformer-based models such as BERT demonstrated the highest
classification performance and robustness to noisy data, though at the cost of high resource usage and
increased latency. Classical models like SVM and Random Forest offered faster processing and lower
computational demand but showed reduced accuracy, especially with unstructured input.

Key challenges include computational complexity, limited adaptability to changing data streams,
and insufficient transparency of algorithmic decisions. These were addressed through experimental testing,
which highlighted the trade-offs between accuracy, latency, and resource consumption.

To improve system performance, the use of distributed computing (e.g., Apache Kafka), hybrid
modelling approaches, online learning, and explainable Al techniques is recommended.

Further research should focus on developing adaptive, resource-efficient algorithms and modular
platforms that support real-time model updates and maintain explainability under varying data conditions.
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