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INFORMATION TECHNOLOGY FOR OPTIMAL SERVICE PLACEMENT PREDICTION IN A MULTI-
CLOUD ENVIRONMENT USING MACHINE LEARNING

The relevance of the work is due to the need to improve the efficiency of service distribution management in multi-cloud infrastructures, where optimal
service placement directly affects latency, performance, reliability, and rational use of resources. The object of the study is the process of placing cloud
services in a multi-provider environment. The subject of the study includes machine learning methods and algorithms that are used to predict optimal
decisions for placing cloud services in a multi-provider environment based on measured performance indicators. The purpose of the study is to develop
and evaluate models for predicting optimal placement of cloud services in a multi-provider environment using historical data on latency, response time,
and load balancing efficiency. The work uses an open dataset, the Multi-Cloud Service Composition Dataset, which contains characteristics of services
from AWS, Azure, Google Cloud, and IBM providers. Six machine learning algorithms implemented using the Python programming language and the
Scikit-learn library were used for prediction. The obtained results showed that models based on Gradient Boosting and Naive Bayes provide the highest
consistency of the metrics Accuracy, Precision, Recall and F1-score, reaching values of about 0.97-0.98, which confirms their suitability for the tasks
of optimizing the placement of cloud services in a multi-cloud environment. Other developed models demonstrated lower stability of results, which
limits their application in real conditions. The conclusions substantiate the possibility of using machine learning methods and algorithms to build adaptive
load management systems in multi-cloud environments, and also identify prospects for expanding the proposed information technology by including
additional parameters, such as energy consumption, computing cost and fault tolerance.
Keywords: machine learning, cloud computing, cloud infrastructure, optimal service placement, prediction models, information technology.

Problem statement. The rapid growth of multi-cloud
infrastructures creates a need for accurate and adaptive
methods of deploying services that operate in environments
with different providers, different performance metrics, and
variable load conditions.

Optimal service placement determines latency,
throughput, stability, and resource efficiency. However,
current approaches remain fragmented. Some research
focuses on search and heuristic methods for configuring
multi-cloud solutions but does not take into account the
complexity of real-world performance metrics [1].

Other works demonstrate the development of multi-
cloud frameworks, but are mainly focused on specific
applications, which does not allow them to be directly used
for the general task of optimal service placement [2]. A
separate area of research applies Machine Learning (ML)
to solve placement problems in uncertain environments, but
these studies mainly cover edge infrastructures rather than
multi-cloud systems with heterogeneous providers [3].

Thus, the problem of creating a universal approach
that combines the processing of performance metrics,
machine learning, and the ability to accurately predict the
optimal placement of services in a multi-cloud environment
remains unresolved.

This creates a scientific challenge — to develop models
capable of consistently determining optimal placement
based on various indicators, ensuring high accuracy and
practical applicability in dynamic IT systems.

Related work. The problem of service placement in
hybrid and multi-cloud environments is actively being
researched in the context of combining cloud and fog
infrastructure. In their work, Azizi et al. propose the FLEX
platform for scalable and flexible service deployment in
multi-fog and multi-cloud environments, where the task is
formulated as an integer linear programming problem and
solved by a heuristic algorithm to minimize cost and delays
[4]. A similar approach is developed by Dogani et al., who
consider a two-layer scheme for deploying services in
containerized fog-cloud platforms and apply NSGA-II to
simultaneously optimize latency, power consumption, and
cost [5]. Both works focus on optimization and evolu-
tionary methods, but do not use classical machine learning
methods for direct prediction of the “optimality” of place-
ment based on empirical performance metrics.

A separate branch of research is devoted to dynamic
service placement in 5G/6G scenarios and edge
infrastructures. Tabatabaei et al. analyze dynamic service
placement in 6G multi-cloud scenarios, taking into account
low latency and reliability requirements, and propose an
approach to placement management in complex network
environments [6]. Lu et al. develop the Dynamic Service
Placement with Deep Reinforcement Learning (DSP-DRL)
framework for dynamic service placement in mobile edge
computing using deep reinforcement learning to minimize
total delay under resource and cost constraints [7]. These
works demonstrate the potential of reinforcement learning
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for adaptive placement, but mostly work in the context of
edge/fog, rather than for optimal service placement tasks
between several large cloud providers with explicit
performance metrics.

Another area is related to the application of machine
and deep learning for resource allocation tasks in cloud
systems. In a recent review, Zhou et al. systematize
methods based on deep reinforcement learning for resource
planning tasks in cloud environments, demonstrating their
advantage over classical heuristics in scenarios with
dynamic loads and multi-criteria objectives [8]. Bodra and
Khairnar perform a comparative analysis of modern
machine learning algorithms for cloud resource allocation,
including DRL, neural networks, and traditional ML
methods, and demonstrate significant improvements in
execution time, cost, and energy consumption compared to

AWS
. _\_> Ti1
Azure _/_) x; i2
Google Cloud Performance
‘ Metrics
IBM

[10]. The dataset was used to build prediction models that
allow the optimal placement of services in heterogeneous
multi-provider environments to be evaluated.

The research methodology (Fig. 1) was based on the
use of ML methods implemented in the Google Colab [11]
using the Scikit-learn [12]. Preliminary data processing and
preparation was performed, which included the selection of
relevant attributes, their scaling, and distribution into
training (75 %) and test subsets (25 %). This stage allowed
us to form a consistent sample for correct comparison of
models and obtaining stable results. The study selected six
machine learning algorithms belonging to different model
classes: Decision Tree, Random Forest, Naive Bayes,
Support Vector Machines (SVM), k-Nearest Neighbors (k-
NN), and Gradient Boosting (Fig. 2).

aF v = fx) —> )

Optimal Service A
Placement ML-based
Predictions

on OSP

Fig. 1. Using machine learning to predict Optimal Service Placement (OSP) based on multi-cloud performance metrics

classical approaches [9]. However, these reviews focus
primarily on general resource planning and allocation tasks
(job scheduling, virtual machine placement, container
allocation) and do not directly address the prediction of
optimal service placement between specific multi-cloud
providers based on integrated performance characteristics.

Thus, existing works demonstrate the importance of
optimization, evolutionary, and DRL approaches for
service placement and resource allocation tasks in cloud
and fog-cloud infrastructures. At the same time, there
remains a gap in the use of classical machine learning
models for predicting the binary measure of placement
optimality (e.g., optimal service placement) in multi-cloud
environments based on measured metrics of latency,
response time, and load balancing efficiency.

Research objective. The proposed research aims to
fill this niche by using an open multi-cloud dataset and
comparing several ML algorithms to support decisions on
optimal service placement.

Materials and methods. The research was based on
the open Multi-Cloud Service Composition Dataset [10],
which contains measured performance characteristics of
services in a multi-cloud environment. The dataset includes
data on Service Latency (ms), Response Time (ms), and
Load Balancing (%), as well as a target variable that
indicates the optimality of service placement as a binary
indicator. The data covers various types of services running
on AWS, Azure, Google Cloud, and IBM infrastructures

Multi-it;lioazlisérvice
composition dataset

Choose features

Service latency, ms
Response time, ms

Decision tree Load balancing, %

J—P[ Scale features J

y
Train/test split
(80/20)
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T

> Train models

k-NN +
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Gradient boosting

Fig. 2. ML-based workflow used in this study

The ML models were trained based on historical
performance measurements [10] and then evaluated using
standard classification performance metrics — Accuracy,
Precision, Recall, and the F1-score [13]. We identified the
algorithms that demonstrated the best consistency of results
for the task of predicting optimal service placement.

The results presented in the figure demonstrate the
high efficiency of the Decision Tree model (Fig. 3), which
provided an Accuracy of 0.97, indicating an almost error-
free classification of most cases.

A Precision of 0.96 means that the model rarely makes
mistakes in determining the positive class. The Recall is
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also 0.97, confirming the model’s ability to detect almost
all relevant objects. The Fl-score is 0.96, indicating a
balanced performance between precision and recall.
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Fig. 3. Decision Tree model performance

The results for Random Forest indicate the high
overall quality of the model (Fig. 4), which achieved an
Accuracy of 0.96, meaning that most objects were
classified correctly. The Precision is 0.91, which means a
slightly higher number of false positives compared to the
decision tree. At the same time, the Recall is 0.96,
demonstrating the model's ability to effectively find almost
all objects of the positive class. The Fl-score of 0.93
reflects balance, but with a slight decrease compared to
other metrics.
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Fig. 4. Random Forest model performance

The results for Naive Bayes demonstrate consistently
high model quality across all indicators, demonstrating its
stability and consistency (Fig. 5).
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Fig. 5. Naive Bayes model performance

Accuracy is 0.97, meaning that the model correctly
classifies the vast majority of cases. The Precision, Recall,
and F1-score metrics are also 0.97, indicating no significant
imbalance between the number of false positives and false

negatives. Such consistency in metrics indicates that Naive
Bayes performs well in classification tasks and provides
predictable behavior across the entire dataset.

The results for SVM show high overall model
performance (Fig. 6), with an Accuracy of 0.96, indicating
correct classification of most objects. The Precision is 0.91,
indicating a slightly higher number of false positives
compared to other metrics. At the same time, the Recall is
0.96, meaning that the model successfully detects almost
all relevant cases. The Fl-score of 0.93 demonstrates a
balance between precision and recall, but with a slight
decrease due to lower accuracy.
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Fig. 6. SVM model performance

The results for k-NN demonstrate stable and
consistent classification quality (Fig. 7). The model
achieved an Accuracy of 0.95, which means that most
examples were predicted correctly. The Precision score is
0.94, meaning that k-NN accurately identifies the positive
class with a minimum number of false positives. Recall is
0.95, indicating effective detection of relevant cases. The
F1-score of 0.95 confirms the balance of the model and the
harmonious combination of accuracy and completeness.
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Fig. 7. k-NN model performance

The results for Gradient Boosting demonstrate the
highest quality among all models considered (Fig. 8), as all
key metrics have the same value of 0.98. An Accuracy of
0.98 indicates an almost error-free classification of
examples. Precision and recall are also at 0.98, which
means a very low number of false positives and false
negatives. The F1-score of 0.98 confirms the complete
balance of the model.

Such uniformity and the high performance measures
show that Gradient Boosting provides the best consistency
and stability among the algorithms, making it particularly
effective for optimal service placement classification tasks
in the experimental environment.
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Fig. 8. Gradient Boosting model performance

The proposed intelligent information technology
based on ML-algorithms provides automated collection of
multi-cloud performance metrics using APIs (Application
Programming Interface) and provider monitoring tools of
the open access (Fig. 9):

e The system prepares and labels data according to
predefined rules, forming a consistent set of measurements
for training ML models.

e Models are trained and validated on the prepared
dataset using specified hyperparameters and frameworks
that implement ML algorithms.

e The information technology provides predictions
for the OSP based on current performance metrics (e.g.
latency, response time, and load balancing efficiency) and
optimization policies.

e The obtained results are integrated with multi-
cloud orchestration systems to support decision-making
and automated service management.

Conclusions. The study confirmed the possibility of
effectively applying ML methods and algorithms to predict
the optimal service placement in multi-cloud environments
based on the developed intelligent information technology
(Fig. 9). Analysis of the results showed that Gradient
Boosting and Naive Bayes models provide the highest

Data collection policy

Raw l

performance
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o

Preparation and labeling
rules

Set of
measures

Prepare and label
dataset

Collect multi-cloud
performance data

API and cloud providers

accuracy and consistency of performance indicators,
making them suitable for practical tasks of optimizing
performance and minimizing delays.

The use of an open multi-cloud dataset [12] made it
possible to evaluate the behavior of algorithms in realistic
conditions when working with different types of services
and different cloud providers. The results demonstrate the
promise of such ML models for building adaptive resource
management and decision support information technology
in modern cloud architectures.

Further research may focus on expanding the set of
parameters, including energy and computing costs, and
fault tolerance indicators. The use of hybrid models that
combine “classical” ML with reinforcement learning
algorithms to improve adaptability to dynamic loads is also
promising. A separate problem is to test the models on
significantly larger and more heterogeneous production
datasets, which will allow us to evaluate the scalability of
the proposed approach. In the future, a prototype could also
be developed that would predict the optimal service
placement in real time and interact with the infrastructure
tools of cloud platforms.

Declaration on the use of generative Al. During the
preparation of this work, the authors used ChatGPT for
rephrasing and reformulating the text, as well as DeepL for
grammar and spell checking. After using these tools, the
authors reviewed and edited the content as necessary and
take full responsibility for the content of this publication.
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IH®OPMALIMHA TEXHOJIOT'ISI IPOTHO3YBAHHS ONTUMAJBHOI'O POSMIIIEHHS MMOCJIYT Y
BATATOXMAPHOMY CEPEJOBHIII HA OCHOBI MAIIMHHOI'O HABYAHHAA

AKTYyaJIBHICT pOOOTH 3yMOBJIEHA IIOTPEOOIO MiABUIIEHHS e(peKTHBHOCTI YIPABIiHHS PO3IOIIIOM CEPBICIB y OaraToOXMapHHX iH(pacTpyKTypax, 1e
ONTHUMAJILHE PO3MILEHHS MOCIYr Oe3MOCepeaHbO BIUIMBAE HA 3aTPUMKH, MPOAYKTHUBHICTbH, HAJIMHICTh Ta palliOHaJbHE BHUKOPUCTAHHS PECYpCiB.
OO0’ €KTOM JOCIIKEHHS € TIPOLeC PO3MIIEeHHsI XMapHHX MOCIYT Y CepelOBHII 3 JeKiIbKOMa MpoBaiinepamu. [IpenqMeroM T0CIiKeHHs BUCTYIIAI0Th
METO/IM T aJrOPUTMH MAIIMHHOTO HaBYAHHS, SIKi 3aCTOCOBYIOTHCS AJIS IIPOTHO3YBAHHS ONTUMAJIBHUX PillleHb OO0 PO3MILIEHHS! XMAapHHUX HOCIYT Y
CepeloBUIL 3 JIeKUIbKOMa MpoBaiiiepaMy Ha OCHOBI BUMIPIOBaHMX MOKA3HHMKIB MPOAYKTUBHOCTI. METOI0 JOCTIKEHHS € po3po0Ka Ta OI[iHIOBAHHS
Mogernel IPOrHO3yBaHHs ONTHMAIBEHOIO PO3MIIICHHSI XMapHUX IOCIYT y CEpelOBHIII 3 JEKibKOMa IpoBaiaepaMyl 3 BUKOPHCTAHHSIM iCTOPHYHUX
JIaHUX TIPO 3aTPUMKY, Yac BiAryKy Ta e()eKTHBHICTb OallaHCyBaHHS HABaHTaXEHHs. Y po0OTi BUKOPHUCTAHO BiAKpuTHil HaGip rannx Multi-Cloud Service
Composition Dataset, 1110 MiCTUTh XapaKTepHCTHKHU cepBiciB nposaiiaepiB AWS, Azure, Google Cloud ta IBM. [{5is nporHo3yBaHHs 3aCTOCOBAHO IIiCTh
AITOPUTMIB MAIIMHHOTO HABYAHHS, PEali30BaHMX i3 3aCTOCYBAaHHSIM MOBH TporpamyBadHsi Python Ta 3 BukopucranHsm GiGmiorexu Scikit-learn.
OtpuMaHi pe3ynbTaTH MOKa3ay, o Mojeli Ha ocHoBi Gradient Boosting Ta Naive Bayes 3a0e3meuytoTs HallBHILy y3ro/DKEHICTh METpUK Accuracy,
Precision, Recall ta Fl-score, nocsratoun 3HaueHb Onmu3bko 0.97-0.98, mo miaTBepKye IXHIO MPUAATHICTD JUIA 3a/a4 ONTHUMI3aLil pO3MIileHHS
XMapHHUX TOCIYT y 0araToXxMapHOMY CepeloBHILi. [HIN po3poOiaeHi MoJesni MpoIeMOHCTPYBAIM HUKYY CTaOUIBHICTD Pe3ysbTaTiB, IO 00OMEKXye 1X
3aCTOCYBaHHSI B PEaJbHUX yMOBaX. Y BUCHOBKaX OOIPYHTOBAHO MOXIIMBICTh BUKOPUCTAHHS METOJIB 1 AITOPUTMIB MAaIIMHHOTO HABYaHHS UL TOOYI0BH
aIANITUBHUX CHCTEM KEPYBAaHHsS HABAHTAXXCHHSAM y 0araTOXMapHHX CEPEOBHUINAX, a TAKOXX BH3HAYCHO MEPCIICKTHBH PO3LIMPEHHS 3alPONOHOBAHOL
iH(pOpMaIiIHHOT TEXHOJIOTT NIIIXOM BKIIOYEHHS JOJATKOBHX MAPaMETPIB, TAKUX SIK EHEPrOCIIOKMBAHHS, BAPTICTh OOYKCIICHb Ta BiIMOBOCTIHKICTD.

K104oBi ciioBa: ManivHHe HaBYaHHS, XMapHi 00YHCIICHHS, XMapHa iHPPaCcTPYKTypa, ONTHMAIBHE PO3MILIEHHS ITOCIIYT, MOJIENi HPOTHO3YBAaHHS,
iH(popMaIiiHa TEXHOJIOTISI.
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