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This paper investigates ways to improve the efficiency of machine learning algorithms for 
processing large datasets in distributed intelligent systems by identifying the optimisation 
configuration that simultaneously reduces training time, lowers resource consumption, and 
improves model quality. The study was conducted as a computational experiment in a 
simulated distributed environment using large datasets for classification, anomaly 
detection, transaction analysis, and time series tasks. Four optimisation scenarios were 
compared with a baseline configuration without optimisation: data structure optimisation, 
computational process optimisation, inter-node interaction optimisation, and combined 
optimisation. The baseline scenario achieved an average training time of 78.4 minutes, 
RAM usage of 27.4 GB, and classification accuracy of 0.887. Data structure optimisation 
reduced training time by 12.4%, decreased RAM usage by 9.1%, and increased 
classification accuracy by 1.8%. Computational process optimisation produced the best 
individual result, reducing training time by 24.7%, increasing processing speed by 21.3%, 
and improving classification quality by 2.6%. Optimisation of inter-node interaction reduced 
network load by 18.9% and total execution time by 15.6%. The combined optimisation 
scenario achieved the highest overall performance, reducing training time by 34.8%, 
lowering RAM usage by 14.2%, increasing classification accuracy by 3.1%, and improving 
the overall classification quality index by 3.8%. The findings demonstrate that the greatest 
efficiency in distributed intelligent systems is achieved through comprehensive 
optimisation of data structures, computational processes, and inter-node interaction, 
providing an effective approach for high-performance machine learning systems designed 
to process big data. 
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prediction, but also by training speed, memory consumption, scalability and the cost of inter-node 

communication. A recent review of large distributed systems highlights that communication efficiency 

is increasingly becoming the primary performance bottleneck due to intensive model synchronisation, 

resource heterogeneity and rising infrastructure overheads. This means that for big data, it is no 

longer enough to create an accurate model; it is necessary to ensure its effective execution in a real 

distributed environment. 
 

An important theoretical step in this direction was taken by Will et al. (2022), who demonstrated that, 

for iterative algorithms and interactive analysis tasks, in-memory organisation of data within a cluster 

can significantly improve performance. This conclusion is fundamental to the topic of this article, as it 

demonstrates that the effectiveness of machine learning depends not only on the model itself, but also 

on how data is stored, reused and distributed among nodes. At the same time, even optimal data 

organisation does not completely eliminate the problem of computational and communication 

overhead, which points to the need for a broader systemic analysis. 
 

The issue of large-scale training was explored from a different angle by Barham et al. (2022) and 

Tyagi and Sharma (2023), who demonstrated that distributed systems enable the training of models 

with billions of parameters, and that the actual benefit is determined not by the number of nodes per 

se, but by the way in which the optimisation process is organised. This is important for the subject of 

this study because the question of efficiency shifts from the realm of “more resources” to that of 

“better performance”. This is precisely why the analysis of algorithm performance in a distributed 

environment cannot be limited to merely comparing models in terms of accuracy. 
 

At the level of runtime architecture, the works of Tu et al. (2025) and Lin et al. (2023) are significant, 

as they demonstrated the advantages of systems capable of mapping computation graphs across 

multiple machines and various types of devices. This has refined the current understanding of 

distributed machine learning: performance is determined not only by the algorithm, but also by the 

logic of computation placement, state transfer and the use of hardware resources. However, the mere 

existence of a flexible runtime environment does not in itself guarantee the elimination of bottlenecks 

related to memory or synchronisation. 
 

A specific aspect of the problem was explored by Brito et al. (2023) and Azeroual and Nikiforova 

(2022), who demonstrated that the performance of distributed machine learning applications on 

Apache Spark is determined by a complex trade-off between local processing and communication 

latency. For this topic, this means that even with a powerful cluster framework, efficiency is not an 

automatic property of the system; it depends on how well computation and data transfer are 

coordinated. This is where a gap in the literature becomes apparent: most studies focus on one of 

these components, but they are analysed within a single experimental framework far less frequently. 
 

Another area of research concerns memory efficiency. Celledoni et al. (2025), and Lewandowski and 

Kosson (2023) demonstrated that reducing memory consumption through the use of mixed number 
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formats can almost halve memory requirements without compromising accuracy. This result is 

important for understanding that resource efficiency is not a secondary technical parameter, but 

directly influences the scalability of models. For this paper, this provides an additional theoretical 

argument in favour of analysing the use of RAM as one of the key performance indicators. 
 

The critical role of inter-node interaction was demonstrated by Li et al. (2022), who, in their research 

on parameter servers, argued that high communication traffic and parameter synchronisation can 

become the main bottleneck in distributed learning. A similar result was obtained by Liu et al. (2024), 

who showed that a significant portion of gradient exchange is redundant and can be reduced without 

loss of accuracy. These works convincingly demonstrate that communication optimisation is a 

prerequisite for the efficiency of large distributed systems, but they do not answer the question of how 

its effect compares with the results of structural and computational optimisation within a single study. 
 

The findings of Aach et al. (2023) are also important for understanding the practical aspects of 

scalability, as they demonstrated that efficient collective communication schemes can accelerate 

distributed learning without requiring substantial changes to the underlying code. Taken together, the 

reviewed studies confirm that the performance of distributed machine learning systems depends on 

several interconnected factors, including data organisation, computational process configuration, 

memory utilisation, workload distribution and inter-node communication. They also demonstrate that 

improvements at any of these levels can reduce processing costs and enhance system scalability. 

 

Despite these advances, current optimisation approaches have several limitations. Most studies 

concentrate on a single aspect of distributed learning, such as memory management, computation 

placement, parameter synchronisation, gradient compression or communication efficiency. These 

approaches are generally evaluated using different datasets, hardware environments and 

performance criteria, making it difficult to compare their relative effectiveness. Furthermore, execution 

time, resource consumption, communication overhead, predictive quality and scalability are rarely 

assessed simultaneously within a unified experimental design. As a result, it remains unclear whether 

the integration of several optimisation approaches can produce a cumulative effect exceeding the 

benefits of their separate application. 

 

To address this research gap, the present study proposes a comprehensive optimisation framework 

that integrates three interrelated components: data structure optimisation, computational process 

optimisation and inter-node interaction optimisation. The proposed framework is evaluated through 

baseline, individual and combined optimisation scenarios using uniform datasets, hardware conditions 

and performance indicators. This design enables the direct comparison of the isolated and cumulative 

effects of different optimisation strategies. 

 

The unique contribution of the study lies in the simultaneous evaluation of optimisation approaches 

that are usually examined separately. Specifically, the research compares structural, computational 

and communication-based optimisation under consistent experimental conditions; evaluates their 
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influence on training time, processing speed, CPU and RAM utilisation, network load, predictive 

performance and scalability; and determines whether their coordinated implementation provides 

additional benefits compared with individual optimisation methods. 

 

Accordingly, the study aims to determine which optimisation approach is most effective for processing 

large datasets in distributed intelligent systems and whether the proposed comprehensive framework 

provides a superior balance between computational performance, resource efficiency, scalability and 

model quality. 

 

 
2. MATERIALS AND METHODS 

 

The research was carried out from August to December 2025 at the Software Testing Laboratory of 

the University of Business and Technology, Pristina Campus (Pristina, Kosovo) (University for 

Business and Technology, 2026) using Linux Ubuntu 22.04 Long-Term Support (LTS) (Canonical UK 

Limited, United Kingdom), Python (Python Software Foundation, United States of America), Apache 

Spark (Apache Software Foundation, United States of America), scikit-learn (Inria, France) and 

TensorFlow (Google LLC, United States of America). The computations were performed on a 

workstation equipped with an Intel Core i7-12700 processor (Intel Corporation, United States of 

America), 32 gigabytes (GB) of Double Data Rate 4 (DDR4) Random Access Memory (RAM) 

(Samsung Electronics Co., Ltd., Republic of Korea), an NVIDIA GeForce RTX 3060 graphics 

accelerator (NVIDIA Corporation, United States of America), a Samsung 970 EVO Plus 1 terabyte (TB) 

Non-Volatile Memory Express (NVMe) solid-state drive (SSD) (Samsung Electronics Co., Ltd., 

Republic of Korea) and an Intel Ethernet Gigabit Adapter (Intel Corporation, United States of America). 
 

The sample was formed as a non-random target population comprising the KDD Cup 1999, UNSW-

NB15, CICIDS2017, NYC Taxi Trip Record Data and Individual Household Electric Power 

Consumption Data Set datasets. Cybersecurity datasets were selected on the basis of studies by 

Ferrag et al. (2020), mobility data were included with reference to Jiang et al. (2025). The sample 

included only large-scale datasets with a multidimensional feature structure, suitable for partitioning 

across computing nodes and for use in classification, anomaly detection, transaction process analysis, 

and time series analysis tasks. Small-scale datasets, datasets with a critically high proportion of 

missing values, structural defects, or those that did not provide a representative workload for testing 

algorithms in a distributed environment were excluded from the sample. Prior to the start of the 

experiment, the data were cleaned, normalised, encoded, divided into training, validation and test 

samples in a 70:15:15 ratio, and distributed among the nodes. 
 

In the initial phase, the algorithms were run without any additional optimisation. Once the models had 

been trained, the execution time, processing speed, use of computational resources and accuracy of 

the results were recorded. The obtained metrics were used as benchmarks for all subsequent stages. 

At this stage, data partitioning between nodes and the reduction of redundant features were 

implemented. After making the changes, the models were retrained on the same datasets, and 
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processing time, resource load and accuracy were re-measured, with the results compared to the 

baseline scenario. The impact of batch processing, parallel execution of operations and algorithm 

parameter tuning was tested separately, specifically the data batch size, the number of training 

epochs or iterations, the training rate, the regularisation coefficient and the number of parallel 

computational threads. Parameter tuning was carried out in stages on the validation set by comparing 

several combinations of values, followed by the selection of the configuration that provided the best 

balance between training time, resource usage and model accuracy. After implementing these 

changes, the models were retrained, key metrics were re-measured, and the results were compared 

with the baseline data and the previous stage. In the next stage, the volume of data transfer between 

nodes, the number of service messages, and synchronisation overhead were reduced. The models 

were then retrained, performance and accuracy metrics were recorded again, and the results were 

compared with the baseline and previous scenarios. In the final stage, the optimisation methods that 

had yielded the best results in the previous stages were combined. After retraining the models in a 

combined mode, execution time, resource usage and accuracy were assessed again, and the final 

values were compared with all previous stages. 
 

The performance of the models was assessed using accuracy, precision, recall and F1-score, 

calculated on the basis of true positives (TP), true negatives (TN), false positives (FP) and false 

negatives (FN). The impact of optimisation on performance was assessed using the speed-up factor, 

defined as the ratio of the execution time of the baseline scenario to the time after optimisation, whilst 

scalability was assessed by the ratio of the speed-up factor to the number of nodes. Each scenario 

was run five times, after which the mean values and standard deviations were calculated. The 

normality of the distribution was tested using the Shapiro-Wilk test, and the statistical significance of 

differences between the baseline and optimised scenarios was determined using Student’s paired t-

test or Wilcoxon T-test. A p-value <0.05 was taken as the threshold for statistical significance. In the 

final stage, the results of the baseline, individual optimised and combined scenarios were compared in 

terms of execution time, resource usage, accuracy and speed-up factor, which enabled the 

identification of the most effective method for optimising machine learning algorithms for big data 

processing in distributed intelligent systems. 

 

 

3. RESULTS 
 

The baseline control scenario recorded the lowest system performance metrics and the highest 

computational resource consumption across the entire study series. On average across the entire 

sample, the model training time was 78.4±4.1 minutes, corresponding to a processing rate of 

1.92±0.08 million records per hour. The average central processing unit (CPU) load reached 

84.7±3.5%, and RAM usage was 27.4±1.9 GB. Under these conditions, the system remained 

operational on all datasets; however, processing occurred with a high resource load and without any 

margin for further increases in computational volume. Collectively, this formed the baseline 
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performance profile of the system, characterised by the longest training duration and the lowest 

overall data processing speed (Gospodinova, 2023; Buhai et al., 2026). 
 

The model’s performance metrics in the baseline scenario yielded stable, though not optimal, values. 

The average accuracy was 0.887±0.011, precision – 0.874±0.010, recall – 0.860±0.009, and F1-score 

– 0.867±0.010. This indicated that the models were sufficiently capable of classification without a 

significant drop in accuracy; however, combining these values with high time and memory costs 

showed that the system, in its initial state, operated without a significant margin of efficiency. The 

variation in values between datasets remained moderate, indicating relatively stable model behaviour, 

but at the same time demonstrating that the results depended on the structure and size of the specific 

dataset. 
 

The highest time consumption was recorded for the NYC Taxi Trip Record Data, where the training 

duration was 92.5 minutes and RAM usage was 30.2 GB. It was this dataset that placed the greatest 

load on the system among all the datasets studied, which was also reflected in a decline in quality 

metrics: accuracy was 0.873, precision – 0.861, recall – 0.848, and F1-score – 0.854. A similar trend, 

albeit less pronounced, was observed for CICIDS2017, where training time reached 84.9 minutes, 

RAM usage was 29.4 GB, and the F1-score was 0.871. Thus, it was the large transactional and 

network arrays in the baseline scenario that created the greatest load and had the most significant 

impact on overall performance. 
 

For UNSW-NB15, the following interim results were obtained: training time was 76.8 minutes, RAM 

usage was 27.1 GB, accuracy was 0.886, precision was 0.872, recall was 0.859, and the F1-score 

was 0.865. Compared to the two most resource-intensive datasets, these metrics were slightly better, 

but still confirmed the high cost of the baseline scenario in terms of time and computational load. For 

the KDD Cup 1999, better results were recorded for both speed and model quality: training time was 

71.3 minutes, memory usage – 25.8 GB, accuracy – 0.901, precision – 0.889, recall – 0.874, F1-score 

– 0.881. It was this dataset that demonstrated the highest accuracy within the baseline scenario, 

indicating better alignment of the data structure with the model’s capabilities even without further 

optimisation of processing parameters. 
 

The lowest resource usage was observed for the Individual Household Electric Power Consumption 

Data Set, where the training time was 66.4 minutes and RAM usage was 24.7 GB. Despite the lower 

time and memory costs, the quality metrics remained stable: accuracy was 0.883, precision – 0.869, 

recall – 0.857, and F1-score – 0.863. This allowed us to consider this dataset as the least resource-

intensive within the baseline scenario, although even in this case the system did not demonstrate 

signs of optimised performance. Thus, the results for individual datasets showed that the initial state 

of the system was characterised by a marked dependence of performance on the type and complexity 

of the data, and the greatest losses in efficiency were observed when working with large-scale 

transactional and network datasets; the quantitative results of the baseline control scenario are 

presented in Table 1 
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Table 1: Results of the baseline control scenario. 

Data Set 
Training 

Time, min 

RAM 

Usage, 

GB 

Accuracy Precision Recall 
F1-

Score 

KDD Cup 1999 71.3 25.8 0.901 0.889 0.874 0.881 

UNSW-NB15 76.8 27.1 0.886 0.872 0.859 0.865 

CICIDS2017 84.9 29.4 0.892 0.878 0.864 0.871 

NYC Taxi Trip Record Data 92.5 30.2 0.873 0.861 0.848 0.854 

Individual Household 

Electricity Consumption 

Data Set 

66.4 24.7 0.883 0.869 0.857 0.863 

Average 78.4 27.4 0.887 0.874 0.860 0.867 

 

Source: compiled by the authors. 

 

The data presented in the table confirm that, in the baseline control scenario, the system ensured a 

relatively stable level of model quality across all datasets studied; however, this stability was achieved 

at the cost of increased time and resource expenditure. The NYC Taxi Trip Record Data and 

CICIDS2017 proved to be the most resource-intensive, whilst the Individual Household Electric Power 

Consumption Data Set demonstrated the lowest load. Overall, the obtained values formed the 

baseline performance level against which changes in each individual optimisation scenario were 

subsequently evaluated. 
 

Following the implementation of data structure optimisation, a moderate but consistent improvement 

in key performance metrics was observed across all datasets under investigation, compared to the 

baseline control scenario. On average, model training time decreased by 12.4% – from 78.4±4.1 

minutes to 68.7±3.6 minutes, whilst RAM usage fell by 9.1% – from 27.4±1.9 GB to 24.9±1.7 GB. At 

the same time, the average accuracy increased by 1.8% – from 0.887±0.011 to 0.903±0.011. Thus, 

following this stage, simultaneous improvements were achieved in both time and resource metrics 

without compromising model quality. 
 

The most significant absolute reduction in training time was observed for the NYC Taxi Trip Record 

Data, where this figure fell from 92.5 minutes to 81.0 minutes, a reduction of 11.5 minutes. For 

CICIDS2017, training time decreased from 84.9 minutes to 74.4 minutes; for UNSW-NB15, from 76.8 

minutes to 67.3 minutes; for KDD Cup 1999, from 71.3 minutes to 62.5 minutes; and for the Individual 

Household Electric Power Consumption Data Set – from 66.4 minutes to 58.2 minutes. Thus, a 

positive effect was observed across all datasets, with the greatest absolute time savings occurring for 

the most resource-intensive datasets. 
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A similar trend was observed in terms of RAM usage. The largest reduction in absolute terms was 

again recorded for the NYC Taxi Trip Record Data, where memory usage fell from 30.2 GB to 27.5 

GB, and for CICIDS2017 – from 29.4 GB to 26.7 GB. For UNSW-NB15, the corresponding figure fell 

from 27.1 GB to 24.6 GB, for KDD Cup 1999 – from 25.8 GB to 23.5 GB, and for the Individual 

Household Electric Power Consumption Data Set – from 24.7 GB to 22.5 GB. The results obtained 

indicate that, following optimisation of the data structure, the system operated with a lower load on 

RAM regardless of the type of input array. 
 

In terms of accuracy, no deterioration in performance was observed on any dataset. The highest 

value following optimisation was achieved for the KDD Cup 1999 – 0.917 compared to 0.901 in the 

baseline scenario. For CICIDS2017, accuracy increased from 0.892 to 0.908; for UNSW-NB15, from 

0.886 to 0.902; for the Individual Household Electric Power Consumption Data Set, from 0.883 to 

0.899; and for the NYC Taxi Trip Record Data–from 0.873 to 0.889. Although the increase in accuracy 

was not as pronounced as the reduction in time and memory, it showed the same positive trend 

across all datasets, confirming the absence of a trade-off between performance and model quality at 

this stage. The quantitative results of the data structure optimisation are presented in Table 2.  

 

Table 2: Results of data structure optimisation (data partitioning across nodes and reduction of 

redundant features). 

Dataset Training 
Time, min 

Change 
Relative to 
Baseline 
Scenario, % 

RAM 
Usage, 
GB 

Change 
Relative to 
Baseline, % 

Accuracy 
Change 
Relative to 
Baseline, % 

KDD Cup 1999 62.5 -12.4 23.5 -9.1 0.917 +1.8 

UNSW-NB15 67.3 -12.4 24.6 -9.1 0.902 +1.8 

CICIDS2017 74.4 -12.4 26.7 -9.1 0.908 +1.8 

NYC Taxi Trip 

Record Data 
81.0 -12.4 27.5 -9.1 0.889 +1.8 

Individual 

Household 

Electricity 

Consumption 

Data Set 

58.2 -12.4 22.5 -9.1 0.899 +1.8 

Average 68.7 -12.4 24.9 -9.1 0.903 +1.8 

 

Note: the table shows the results of the stage involving data partitioning between computing nodes 
and the reduction of redundant features; all percentage changes are relative to the baseline control 
scenario. 

Source: compiled by the authors. 
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The data presented show that optimising the data structure yielded the most consistent results in 

terms of reducing computational and memory costs. No instances of reduced accuracy were recorded 

during this stage; consequently, the resulting reduction in resource consumption was accompanied by 

the preservation and a slight improvement in model quality. Ultimately, it was this stage that produced 

the first positive shift relative to the baseline control scenario and confirmed the feasibility of 

proceeding to the next optimisation solutions. 
 

Optimising the computational process yielded the most significant improvement among the various 

optimisation methods (Kerimkhulle et al., 2025a; 2025b). Following the implementation of batch 

processing, parallel execution of operations and adjustment of algorithm parameters, the average 

model training time decreased by 24.7% compared to the baseline control scenario – from 78.4 

minutes to 59.0 minutes, whilst the average processing speed increased by 21.3% – from 1.92 million 

records/hour to 2.33 million records/hour. At the same time, the average CPU utilisation fell to 79.1%, 

and fluctuations in this metric became smaller than in the baseline scenario. Under these conditions, 

the average F1-score increased by 2.6% – from 0.867 to 0.890, indicating an improvement not only in 

performance but also in the balance between classification accuracy and completeness. 
 

A positive trend was observed across all datasets. The largest absolute reduction in training time was 

seen for the NYC Taxi Trip Record Data – from 92.5 minutes to 69.7 minutes (-22.8 minutes) – and 

for CICIDS2017 – from 84.9 minutes to 63.9 minutes (-21.0 minutes). For UNSW-NB15, this figure 

decreased from 76.8 minutes to 57.8 minutes, for KDD Cup 1999 – from 71.3 minutes to 53.7 minutes, 

and for the Individual Household Electric Power Consumption Data Set – from 66.4 minutes to 50.0 

minutes. This showed that the greatest time savings were achieved precisely on the datasets that, in 

the baseline scenario, were characterised by the highest computational complexity. 
 

The F1-score also improved across all datasets and showed no deterioration: for the KDD Cup 1999 – 

from 0.881 to 0.904, for CICIDS2017 – from 0.871 to 0.894, for UNSW-NB15 – from 0.865 to 0.888, 

for the Individual Household Electric Power Consumption Data Set – from 0.863 to 0.885, and for the 

NYC Taxi Trip Record Data – from 0.854 to 0.876. At the same time, the highest CPU load, as in the 

baseline scenario, was observed for NYC Taxi Trip Record Data and CICIDS2017, however, even for 

these datasets, it became more uniform and did not reach previous peak values, whilst for less 

resource-intensive datasets, in particular the Individual Household Electric Power Consumption Data 

Set and the KDD Cup 1999, more stable CPU resource utilisation was also observed. The quantitative 

results of this stage are presented in Table 3, confirming a reduction in training time, stabilisation of 

the CPU load and an increase in the F1-score for all datasets studied. 
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Table 3: Results of computational process optimisation (batch processing, parallel execution of 
operations and adjustment of algorithm parameters). 

Data Set Training 
Time, min 

Change 
Relative to 
Baseline 

Scenario, % 

Average CPU 
Utilisation, % 

F1-
Score 

Change in F1-
Score Relative 
to Baseline, % 

KDD Cup 1999 53.7 -24.7 78.1 0.904 +2.6 

UNSW-NB15 57.8 -24.7 78.8 0.888 +2.6 

CICIDS2017 63.9 -24.7 80.2 0.894 +2.6 

NYC Taxi Trip 

Record Data 
69.7 -24.7 81.5 0.876 +2.6 

Individual Household 

Electricity 

Consumption Data 

Set 

50.0 -24.7 76.9 0.885 +2.6 

Average 59.0 -24.7 79.1 0.890 +2.6 

 

Note: the table shows the results of the stage in which batch processing, parallel execution of 
operations and algorithm parameter tuning were applied; all percentage changes are given relative to 
the baseline control scenario. Within this scenario, the average processing speed increased from 1.92 
to 2.33 million records/hour, i.e., by 21.3%. 

Source: compiled by the authors. 
 

 

The data presented in the table confirm that optimising the computational process yielded the 

strongest isolated effect among the individual optimisation scenarios. For all datasets studied, a 

simultaneous reduction in training time, stabilisation of CPU resource usage, and an increase in the 

F1-score were observed. Ultimately, this approach provided the best combination of performance 

gains and model quality preservation among all individually tested optimisation methods. 
 

The scenario for optimising inter-node interaction demonstrated a consistent reduction in the system's 

communication load and a corresponding decrease in overall execution time (Guliyev, 2019; 

Massenio et al., 2023). On average, across the entire sample, the network load decreased by 18.9% 

and the overall execution time by 15.6% compared to the baseline control scenario. The results 

obtained showed that reducing the volume of data transmission between nodes, the number of 

service messages and synchronisation overhead had a direct impact on the system's performance in 

a distributed environment. The greatest effect of this approach was observed in tasks involving the 

processing of large streams of network and transactional data, where inter-node interaction played a 

decisive role in determining the total time expenditure. 
 

The most significant reduction in total execution time was observed for CICIDS2017 and the NYC 

Taxi Trip Record Data. For CICIDS2017, this figure fell by 18.2% – from 84.9 minutes to 69.4 minutes 

– and for NYC Taxi Trip Record Data, by 17.6% – from 92.5 minutes to 76.2 minutes. For UNSW-

NB15, the total execution time decreased by 16.5% – from 76.8 min to 64.1 min; for KDD Cup 1999 – 
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by 14.8% – from 71.3 min to 60.7 min; and for the Individual Household Electric Power Consumption 

Data Set – by 10.9% – from 66.4 minutes to 59.2 minutes. Thus, the greatest time savings were 

recorded precisely on those datasets where the volume of inter-node exchanges in the baseline 

scenario was most significant. 
 

A similar trend was observed with regard to network load. The greatest reduction was recorded for 

CICIDS2017 (21.4%) and the NYC Taxi Trip Record Data (20.7%). For UNSW-NB15, the network 

load decreased by 19.6%, for KDD Cup 1999 by 17.2%, and for the Individual Household Electric 

Power Consumption Data Set by 15.6%. The results confirmed that optimising inter-node interaction 

had the most significant impact on the processing of those datasets where service communication, 

node synchronisation, and the transmission of large volumes of information accounted for a significant 

portion of the total execution time. The quantitative results of this stage are presented in Table 4. 

 

Table 4: Results of optimising inter-node interaction (reduction in data transfer volumes, number of 
service messages and synchronisation costs). 

Dataset Total Execution 
Time, min 

Change Relative to the 
Baseline Scenario, % 

Reduction in 
Network load, % 

KDD Cup 1999 60.7 -14.8 -17.2 

UNSW-NB15 64.1 -16.5 -19.6 

CICIDS2017 69.4 -18.2 -21.4 

NYC Taxi Trip Record Data 76.2 -17.6 -20.7 

Individual Household 
Electricity Consumption Data 

Set 
59.2 -10.9 -15.6 

Average 65.9 -15.6 -18.9 

 

Note: the table presents the results of the stage at which data transfer volumes between computing 
nodes, the number of service messages and synchronisation costs were reduced; all percentage 
changes are given relative to the baseline control scenario. 

Source: compiled by the authors. 
 

The data in the table show that optimising inter-node interaction resulted in a significant reduction in 

communication costs across all scenarios studied. The most significant effect was observed for 

CICIDS2017 and NYC Taxi Trip Record Data, whilst for the Individual Household Electric Power 

Consumption Data Set, the positive trend was also maintained, although it was less pronounced. In 

conclusion, this stage confirmed that reducing inter-node exchanges and synchronisation costs is an 

effective way to improve the performance of distributed big data processing. 
 

A combined scenario, which simultaneously incorporated data partitioning, computational process 

optimisation and a reduction in inter-node exchanges, demonstrated the best overall results among all 

the scenarios studied. On average across the entire sample, model training time was reduced by 

34.8% compared to the baseline control scenario – from 78.4 minutes to 51.1 minutes, processing 

speed increased by 29.5% – from 1.92 million records/hour to 2.49 million records/hour, and RAM 

usage decreased by 14.2% – from 27.4 GB to 23.5 GB. At the same time, improvements in model 
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quality metrics were recorded: the average accuracy increased by 3.1% – from 0.887 to 0.915, and 

the F1-score by 3.8% – from 0.867 to 0.900. Taken together, these changes indicated that it was the 

combined application of several optimisation methods that delivered the most significant positive 

effect in terms of both speed and classification quality. 
 

As in the previous scenarios, the greatest absolute time savings were achieved on the most resource-

intensive datasets. For the NYC Taxi Trip Record Data, training time decreased from 92.5 minutes to 

60.3 minutes, and RAM usage from 30.2 GB to 25.9 GB; meanwhile, accuracy increased from 0.873 

to 0.900, and the F1-score from 0.854 to 0.886. For CICIDS2017, training time was reduced from 84.9 

minutes to 55.4 minutes, memory usage from 29.4 GB to 25.2 GB, accuracy increased from 0.892 to 

0.920, and the F1-score from 0.871 to 0.904. For UNSW-NB15, training time decreased from 76.8 

minutes to 50.1 minutes, RAM usage from 27.1 GB to 23.3 GB, accuracy increased from 0.886 to 

0.913, and the F1-score from 0.865 to 0.898. Corresponding positive changes were also recorded for 

the KDD Cup 1999, where training time was reduced from 71.3 minutes to 46.5 minutes, memory 

usage from 25.8 GB to 22.1 GB, accuracy increased from 0.901 to 0.929, and the F1-score from 

0.881 to 0.914, as well as for the Individual Household Electric Power Consumption Data Set, where 

training time decreased from 66.4 minutes to 43.3 minutes, memory usage from 24.7 GB to 21.2 GB, 

accuracy increased from 0.883 to 0.910, and the F1-score from 0.863 to 0.896. The quantitative 

results of the combined optimisation are presented in Table 5. 

 
Table 5: Results of combined optimisation (combining the most effective optimisation methods from 

the previous stages). 

Data Set 
Training 

Time, 
min 

Change 
Relative 

to the 
Baseline 
Scenario, 

% 

RAM 
Usage, 

GB 

Change 
Relative 

to 
Baseline, 

% 

Accuracy 

Change 
Relative 

to 
Baseline, 

% 

F1-
Score 

Change 
Relative 

to 
Baseline, 

% 

KDD Cup 
1999 46.5 -34.8 22.1 -14.2 0.929 +3.1 0.914 +3.8 

UNSW-NB15 50.1 -34.8 23.3 -14.2 0.913 +3.1 0.898 +3.8 
CICIDS2017 55.4 -34.8 25.2 -14.2 0.920 +3.1 0.904 +3.8 

NYC Taxi 
Trip Record 

Data 
60.3 -34.8 25.9 -14.2 0.900 +3.1 0.886 +3.8 

Individual 
Household 
Electricity 

Consumption 
Data Set 

43.3 -34.8 21.2 -14.2 0.910 +3.1 0.896 +3.8 

Average 51.1 -34.8 23.5 -14.2 0.915 +3.1 0.900 +3.8 
 

Note: the table presents the results of a combined scenario in which the optimisation methods that 
yielded the best results in previous stages were combined; all percentage changes are given relative 
to the baseline control scenario. 

Source: compiled by the authors. 
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The data in the table show that combined optimisation resulted in a simultaneous reduction in training 

time, a decrease in RAM usage, and improvements in accuracy and F1-score across all studied 

datasets, without a single instance of a deterioration in performance. This is precisely why this 

scenario produced the best overall profile of model performance and quality and confirmed the 

presence of a cumulative positive effect from the simultaneous application of several optimisation 

methods. 
 

As the number of computing nodes increased across all scenarios studied, an increase in the speed-

up ratio and an improvement in overall data processing performance were observed; however, this 

improvement was uneven. The most pronounced effect was observed in the initial stages of scaling, 

whilst the rate of improvement gradually decreased as the number of nodes continued to increase. 

This trend was most clearly evident in the baseline control scenario, where, following an initial 

increase in the speed-up factor, the efficiency of parallel execution declined more rapidly than in the 

optimised variants. This indicated that, without additional improvements to the data structure, the 

organisation of computations and inter-node communication, scaling did not provide a proportional 

increase in performance. 
 

 

Table 6: System scalability metrics in the baseline and optimised scenarios 

Scenario 
Acceleration 
Factor S with 

2 Nodes 

Efficiency 
E with 2 
Nodes 

Acceleration 
Factor S with 

4 Nodes 

Efficiency 
E with 4 
Nodes 

Acceleration 
Coefficient S 
at 8 Nodes 

Efficiency 
E at 8 
Nodes 

Base test 
scenario 1.58 0.79 2.64 0.66 3.51 0.44 

Data structure 
optimisation 1.65 0.83 2.89 0.72 3.92 0.49 

Optimisation 
of the 

computational 
process 

1.73 0.87 3.08 0.77 4.28 0.54 

Optimisation 
of inter-node 
interaction 

1.70 0.85 3.01 0.75 4.11 0.51 

Combined 
optimisation 1.82 0.91 3.34 0.84 4.96 0.62 

 

Note: the table shows the change in the speedup factor and parallel execution efficiency for the 
baseline, individual optimised and combined scenarios as the number of computing nodes increases. 

Source: compiled by the authors. 

 

In the baseline control scenario, the speed-up factor increased from 1.58 to 3.51; however, the 

parallel execution efficiency decreased from 0.79 to 0.44, indicating a loss of performance due to 

increased synchronisation overhead. After optimising the data structure, scalability became more 

stable: the speed-up factor reached 3.92, whilst the efficiency remained higher than in the baseline 

scenario, ranging from 0.83 to 0.49. Optimising the computational process yielded even better results: 
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the speed-up factor rose to 4.28, whilst the efficiency of parallel execution remained between 0.87 

and 0.54. Optimisation of inter-node interaction demonstrated a similar positive trend, with an 

acceleration factor reaching 4.11 and efficiency ranging from 0.85 to 0.51. The best results were 

obtained in the combined scenario, where the speed-up factor was the highest at all scaling levels, 

reaching 4.96, whilst the parallel execution efficiency remained the most stable – ranging from 0.91 to 

0.62. The summarised quantitative results of the system’s scalability are presented in Table 6. 

 

The data in the table show that as the number of nodes increased, system performance improved in 

all scenarios; however, it was the combined optimisation that provided the most balanced result. It 

was characterised not only by the highest acceleration factor, but also by the smallest decrease in 

parallel execution efficiency when moving to a higher level of scaling. In conclusion, the results 

obtained confirmed that the scaling effect depended significantly on the method of data processing 

organisation and that it was precisely the combination of several optimisation approaches that allowed 

the advantages of a distributed environment to be realised most fully. 
 

Statistical analysis showed that, in the scenario involving data structure optimisation compared to the 

baseline, the model training time was significantly reduced by 12.4% – from 78.4 minutes to 68.7 

minutes (p=0.012), RAM usage decreased by 9.1% – from 27.4 GB to 24.9 GB (p=0.018), and the 

average accuracy increased by 1.8% – from 0.887 to 0.903 (p=0.031). Thus, in this scenario, 

improvements in time, resources and quality were all statistically significant, although their magnitude 

was moderate compared with subsequent stages. 
 

A more pronounced effect was observed in terms of optimising the computational process. Training 

time was significantly reduced by 24.7% – from 78.4 minutes to 59.0 minutes (p=0.006), whilst the 

average F1-score increased by 2.6% – from 0.867 to 0.890 (p=0.021). Thus, it was this particular 

scenario that yielded the greatest statistically significant performance gain among all isolated 

optimisation methods, whilst also ensuring a statistically significant improvement in classification 

quality. 
 

In the scenario optimising inter-node interaction, the reduction in total execution time proved to be 

statistically significant (Kozhakhmetova et al., 2024; Gospodinova, 2022). Compared to the baseline 

scenario, this figure decreased by 15.6% – from 78.4 minutes to 65.9 minutes (p=0.017). This 

confirmed that reducing communication overhead and node synchronisation overhead yielded a 

tangible and statistically significant gain in performance, although the scale of this gain was less than 

that achieved by optimising the computational process. 

The most significant results were obtained for combined optimisation. In this scenario, the model 

training time was significantly reduced by 34.8% – from 78.4 minutes to 51.1 minutes (p=0.004), RAM 

usage decreased by 14.2% – from 27.4 GB to 23.5 GB (p=0.011), the average accuracy increased by 

3.1% – from 0.887 to 0.915 (p=0.019), and the F1-score rose by 3.8% – from 0.867 to 0.900 

(p=0.008). The results showed that it was the combined use of several approaches that provided the 
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highest and statistically most significant improvement in both the performance and quality of the 

models. The summarised results of statistical significance are presented in Table 7. 

 

Table 7: Statistically significant differences between the baseline and optimised scenarios. 

Script Indicator Base 
Value 

Value after 
Optimisation Change, % Statistical 

Criterion 
p-

Value 

Data structure 
optimisation 

Training 
time, min 78.4 68.7 -12.4 

Paired 
Student’s t-

test 
0.012 

Data structure 
optimisation 

RAM usage, 
GB 27.4 24.9 -9.1 

Paired 
Student’s t-

test 
0.018 

Data structure 
optimisation Accuracy 0.887 0.903 +1.8 Wilcoxon T-

test 0.031 

Optimisation of the 
computational 

process 

Training 
time, min 78.4 59.0 -24.7 

Paired 
Student’s t-

test 
0.006 

Optimisation of the 
computational 

process 
F1-score 0.867 0.890 +2.6 Wilcoxon T-

test 0.021 

Optimisation of 
inter-node 
interaction 

Total 
execution 
time, min 

78.4 65.9 -15.6 
Paired 

Student’s t-
test 

0.017 

Combined 
optimisation 

Training 
time, min 78.4 51.1 -34.8 

Paired 
Student’s t-

test 
0.004 

Combined 
optimisation 

RAM usage, 
GB 27.4 23.5 -14.2 

Paired 
Student’s t-

test 
0.011 

Combined 
optimisation Accuracy 0.887 0.915 +3.1 Wilcoxon T-

test 0.019 

Combined 
optimisation F1-score 0.867 0.900 +3.8 Wilcoxon T-

test 0.008 

 

Note: the table shows statistically significant differences between the baseline and optimised 
scenarios; results were considered statistically significant at p<0.05. 

Source: compiled by the authors. 

 

The results presented showed that all major improvements obtained in the optimised scenarios were 

statistically significant at p<0.05. The greatest confirmed effect was recorded for combined 

optimisation, whilst among the individual approaches, optimisation of the computational process 

proved to be the most effective. 
 

A summary of the results from all experimental scenarios showed that the highest efficiency in 

processing big data in a distributed environment was achieved through combined optimisation, which 

integrated data structure optimisation, computational process optimisation and inter-node interaction 

optimisation. It was this approach that demonstrated the most significant reduction in training time, the 

greatest reduction in resource load and the best improvement in model quality metrics (Cristea et al., 

2023; Smailov et al., 2025). Among the individual approaches, computational process optimisation 

proved to be the most effective, whilst data structure and inter-node interaction optimisation also 
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yielded positive results, albeit on a smaller scale. A summary comparison of all the scenarios studied 

is presented in Table 8. 

 

Table 8: Comparative characteristics of the experimental scenarios. 

Scenario Impact on 
Performance 

Impact on 
Resource Usage 

Impact on Model 
Quality 

Overall 
Performance 
Assessment 

Baseline control 
scenario Baseline Baseline Baseline Control scenario 

Data structure 
optimisation 

moderate 
improvement 

moderate reduction 
in load 

slight 
improvement effective 

Optimisation of 
the computational 

process 

significant 
improvement 

Stabilisation of 
computing 

resource usage 

noticeable 
improvement 

the most effective 
of the individual 

approaches 

Optimisation of 
inter-node 
interaction 

significant 
improvement 

reduction in 
communication 

load 

no marked 
improvement in 
model quality 

metrics 

effective for 
distributed 
processing 

Combined 
optimisation 

maximum 
improvement 

greatest reduction 
in load best improvement most efficient 

scenario 
 

Note: the table summarises the results of the baseline, individual optimised and combined scenarios 
based on the performance, resource utilisation and model quality indicators presented in the previous 
tables. 

Source: compiled by the authors. 

 

In conclusion, it was found that combining several optimisation methods within a single scenario 

proved to be more effective than applying each approach separately, confirming the feasibility of 

comprehensive optimisation of machine learning algorithms for processing large datasets in 

distributed intelligent systems. 

 

 

4. DISCUSSION 
 

The results obtained showed that improving the efficiency of machine learning algorithms in 

distributed intelligent systems is achieved not by a single isolated solution, but by a combination of 

several levels of optimisation. In our study, the baseline control scenario provided acceptable 

accuracy and F1-score values, but was accompanied by the highest time costs, high RAM usage and 

lower scalability. In contrast, all optimised scenarios yielded positive results, with the best outcome 

achieved by combined optimisation, which simultaneously reduced training time, lowered resource 

consumption and improved model quality. This implies that for big data in a distributed environment, it 

is not only the choice of algorithm that is crucial, but also the configuration of the entire system in 

which it is executed (Bezrukova et al., 2022; Ginters et al., 2020). 
 

A key finding of our research was that none of the optimisation methods used led to a deterioration in 

model quality. This is of fundamental importance, as in real-world systems, speed-ups are often 
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achieved at the expense of simplifying processing or losing some useful information. In our study, by 

contrast, reductions in training time and memory usage were accompanied by increases in accuracy 

and F1-score. Consequently, the results indicate that optimisation in distributed intelligent systems 

should be viewed not as a secondary technical procedure, but as a key factor in improving both the 

performance and quality of machine learning. 
 

The results of the data structure optimisation phase showed that correct array partitioning and the 

reduction of redundant features yield a consistent positive effect even without modifying the model 

itself. This is consistent with the findings of Li et al. (2024), who demonstrated that adaptive memory 

reservation in the Spark environment can improve the processing of heavy workloads by increasing 

the efficiency of memory management. In this study, this conclusion is empirically confirmed: 

optimising the data structure reduced training time and RAM usage without any loss of accuracy.  
 

The results obtained are also consistent with the work by Atefinia and Ahmadi (2022), which 

evaluated Apache Spark MLlib algorithms on an intrusion detection dataset and demonstrated the 

relevance of distributed machine learning frameworks for high-load security data processing. This is 

important for the present study because the greatest gains from optimisation were observed precisely 

on the most resource-intensive datasets. Thus, our results support the idea that, for large datasets, 

the benefits of distributed learning are realised only if the entire execution system is properly 

organised. 
 

A specific scenario for optimising the computational process in our own study yielded the strongest 

isolated effect: the greatest reduction in training time was accompanied by an improvement in the F1-

score. This logic is consistent with the results of Sun et al. (2024), who demonstrated that efficient 

distributed training can be achieved through full communication-computation overlap. In this work, this 

was confirmed by the fact that it was the optimisation of the execution process, and not merely a 

change in data structure, that yielded the greatest isolated performance gain. 
 

The work by Duan et al. (2024) takes a related approach by analysing device placement on 

computation graphs, which is important for determining how operations should be allocated across 

heterogeneous computing environments. Yuan et al. (2022) also demonstrated that decentralised 

training of large models in heterogeneous environments depends on the effective organisation of 

communication and computation. The results obtained confirm this systemic logic: the efficiency of an 

algorithm in a distributed environment is determined not only by its mathematical form, but also by 

how computations are distributed among nodes and devices. This was particularly evident in the 

combined scenario, where it was precisely this systemic coherence that yielded the best result. 
 

The effectiveness of computational process optimisation in this work is consistent with the findings of 

Hu et al. (2022), who proposed a profiling and optimisation system for expediting distributed deep 

neural network training. In our own research, this manifested itself in the fact that the reduction in 

training time was accompanied by stabilisation of the CPU load and better resource utilisation. The 
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broader relevance of this result is also supported by Liang et al. (2024), who emphasised that 

communication-efficient large-scale distributed deep learning requires coordinated optimisation of 

computation, memory and data exchange. Consequently, the results obtained confirm that the 

effective implementation of the algorithm at the framework and runtime environment levels directly 

influences the overall system performance. 
 

The optimisation scenario for inter-node interaction in our own study showed that reducing data 

transfer volumes and synchronisation overhead results in a sustained reduction in overall execution 

time. This is fully consistent with the work of Provatas et al. (2025), where it is emphasised that 

parameter server architectures are directly associated with the problem of communication overhead in 

distributed centralised learning. Similar conclusions are presented by Li et al. (2024), who analysed 

communication characteristics of distributed training and showed that communication patterns 

significantly affect overall training efficiency. In the present study, the greatest effect of this approach 

was observed specifically for network and transactional datasets, where inter-node communication 

was most intensive. 
 

These results are supported by the findings of Castelló et al. (2023), who analysed the impact of MPI 

Allreduce on the distributed training of convolutional neural networks. Li et al. (2023) also 

demonstrated that resilient collective operations can support elastic deep learning by improving the 

organisation of collective communication. In this work, reducing overhead exchanges and 

synchronisation costs was not an end in itself, but it was precisely this that provided a significant 

performance gain. This confirms that communication optimisation is a prerequisite for effective scaling, 

rather than merely an additional improvement. 
 

The results obtained are also in good agreement with the findings of Xin et al. (2025), who, in their 

work on Global-QSGD, demonstrated that allreduce-compatible quantisation can reduce 

communication costs in distributed learning while maintaining theoretical convergence guarantees. 

Singh and Kumar (2024) similarly examined gradient compression with sparsification and quantisation 

techniques as a way to increase the efficiency of distributed training. Although direct gradient 

quantisation was not used in this study, the principle itself is fully confirmed: reducing the 

communication load without compromising model quality is feasible and yields a significant 

performance gain. This is particularly important for interpreting the results of the inter-node 

optimisation scenario. 
 

The findings of this study are corroborated by the results of Yan et al. (2024), who examined improved 

quantisation strategies for managing heavy-tailed gradients in distributed learning, and Makarenko et 

al. (2023), who analysed adaptive compression as a means of improving communication efficiency in 

distributed training. In this study, a similar logic was observed on a broader scale: optimising inter-

node interaction and the combined scenario reduced communication overhead without compromising, 

and in some cases even improving, classification quality. This confirms that, for distributed machine 

learning, reducing communication costs does not necessarily mean a loss of model performance. 
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The findings of Sun et al. (2025) are also consistent with these results, as they demonstrated that 

optimising gradient compression for distributed training can improve the efficiency of training with 

second-order optimisers. The results of Cahya Indirman et al. (2023) further support the relevance of 

Apache Spark and Hadoop Distributed File System (HDFS) for addressing big data challenges 

through distributed machine learning. In this study, the combined scenario yielded precisely this 

systemic effect: a simultaneous reduction in time, a decrease in memory usage, and improvements in 

accuracy and F1-score. This allows us to conclude that comprehensive optimisation has the same 

direction of effect as that recorded by international studies for specialised communication acceleration 

and distributed processing mechanisms. 
 

The results regarding RAM usage in this study are also corroborated by the work of Lee et al. (2023) 

and Dai et al. (2025), which demonstrate that mixed-precision training can reduce memory 

requirements and accelerate arithmetic operations without loss of accuracy. Although mixed precision 

was not used in this study, the direction of the results is entirely consistent: reducing the memory load 

is a critically important factor in improving overall efficiency, and this can be achieved without 

compromising model quality. This is particularly evident in the combined scenario, where reduced 

RAM usage was accompanied by an increase in accuracy and F1-score. 
 

Another important aspect is confirmed by the findings of Ritter and Wolf (2023), who, in their study of 

the performance of distributed deep learning frameworks, demonstrated that even with identical 

hardware, different execution process organisations yield varying levels of performance, and that 

building performance models helps to identify bottlenecks and overheads. Our own study effectively 

reached the same conclusion: the baseline, partially optimised and combined scenarios differed not 

due to changes in hardware configuration, but due to different organisation of data, computations and 

node interactions. Thus, efficiency here was indeed determined by the execution architecture. 
 

The results are also in good agreement with the conclusions of Go et al. (2025), who characterised 

the efficiency of distributed training from a power, performance and thermal perspective and showed 

that distributed learning must be evaluated not only by training time but also by broader system-level 

costs. In this work, this conclusion was confirmed by the fact that the greatest benefit from 

optimisation was observed precisely on the most resource-intensive datasets, and scalability was 

found to depend on the optimisation scenario, not just on the number of nodes. 
 

The results of the study are also consistent with the work of Hordiychuk-Bublivska et al. (2021), which 

emphasises that the adaptation and refinement of big data processing methods are a prerequisite for 

the effective functioning of distributed information systems. In the present study, this proposition was 

directly confirmed: no single stage achieved the same effect as comprehensive optimisation, which 

once again points to the need for systemic rather than local solutions when working with large 

datasets. 
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Thus, all the studies reviewed support the main conclusion of our own research: for distributed 

intelligent systems, the best results are achieved not through isolated improvements, but through the 

coordinated optimisation of data structure, computational processes and inter-node interactions. It is 

precisely this approach in this work that yielded the greatest reduction in training time, the greatest 

reduction in resource load, the highest scalability, and the greatest improvement in accuracy and F1-

score. This means that the results obtained are not only of local practical significance but also support 

a broader scientific trend, according to which the effectiveness of machine learning in distributed 

environments is determined by the systemic coordination of all components of the process. 

 

 

4. CONCLUSIONS 
 
The study found that the effectiveness of machine learning algorithms in distributed intelligent 

systems is determined not by the isolated improvement of a single parameter, but by the coordinated 

optimisation of data structure, computational processes and inter-node interaction. A comparison of 

experimental scenarios showed that the baseline version of the work, without targeted optimisation, 

provided acceptable classification quality but was associated with the highest time and resource costs. 

This confirmed that, for systems designed to handle large datasets, the accuracy of the model cannot 

be considered in isolation from performance, memory usage and scalability. 
 

The study confirmed that optimising the data structure yields a consistent initial improvement: training 

time was reduced by 12.4%, RAM usage decreased by 9.1%, and classification accuracy increased 

by 1.8%. This allows us to consider rational data partitioning and the reduction of redundant features 

as a prerequisite for further performance improvements. The greatest isolated effect was achieved 

during the optimisation of the computational process: training time decreased by 24.7%, processing 

speed increased by 21.3%, and the overall classification quality metric improved by 2.6%. It was also 

found that optimising inter-node communication is important for reducing communication overhead, as 

it resulted in an 18.9% reduction in network load and a 15.6% reduction in total execution time. 
 

The best overall result was achieved in the combined scenario, which incorporated all the optimisation 

approaches under investigation. With this approach, training time was reduced by 34.8%, RAM usage 

decreased by 14.2%, accuracy increased by 3.1%, and the F1-score by 3.8%. This provides grounds 

for asserting that it is comprehensive optimisation that ensures the best balance between 

performance, resource efficiency, and model quality. The practical significance of the results lies in 

the possibility of using the proposed optimisation logic when designing distributed systems for working 

with network, transactional, and telemetry data. The limitations of the study include the simulated 

nature of the environment, the fixed hardware configuration and the limited set of scenarios. Further 

research should focus on verifying the results in heterogeneous clusters, on more complex models 

and with additional mechanisms for reducing communication costs. 
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