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MODELING AND OPTIMIZATION OF A HYBRID HADOOP-SPARK ARCHITECTURE
TO IMPROVE BIG DATA PROCESSING EFFICIENCY

Abstract

With the rapid growth of data volumes, heterogeneity, and intensity, the demands on architectures that
provide not only high performance, but also robust scalability, efficient use of computing resources, and fault
tolerance are increasing. This article examines a hybrid big data processing architecture that combines the
Hadoop Distributed File System and Apache Spark operational processing mechanisms. The goal of the study
is to develop a formalized approach to evaluating and optimizing the efficiency of a hybrid environment
compared to the standalone use of Hadoop and Spark. The paper proposes a system of analytical models
describing the processing speed, scalability, resource utilization, overhead, and overall efficiency of the hybrid
architecture. Unlike studies that limit platform comparisons to general characteristics or isolated benchmarks,
this article focuses on the relationship between data storage, inter-node communication, computing load, and
cluster configuration parameters. It is demonstrated that combining Hadoop's distributed storage mechanisms
with Spark's in-memory processing reduces the impact of disk I/O, improves resilience to increasing load, and
ensures a more balanced use of memory and CPU resources. These results confirm that the hybrid architecture
is a promising solution for building scalable analytics platforms designed to process heterogeneous data under
variable and intensive workloads. The practical significance of this study lies in the potential use of the
proposed models in the design and configuration of regional and enterprise big data analytics systems.

Keywords: big data, hybrid architecture, Hadoop, Spark, distributed computing, scalability, optimization,
data processing efficiency, fault tolerance, computing resources.
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Anoamna

Jepektep xeneMiHiH, reTepOTreHAUTIKTIH XKOHE KapKbIHABUIBIKTEIH T€3 ©CYIMEH JKOFaphl OHIMIUTIKTI FaHa
eMec, COHBIMEH KaTap ceHiMJli MacITa0Tamy b1, ECENTeY pecypcTapblH THIMII Maianany/bl XKoHE aKayiapra
TO3IMLTIKTI KaMTaMachl3 €TETIH apXUTEeKTypajlapra KOWBLIATHIH TallanTap apThill Keieli. byn makamana
Hadoop tapatsutran daingpik xyiieci Men Apache Spark onepauusiibik eHaey MEXaHU3MAEPiH OipiKTipeTiH
THOPUATI YIKEH JIepeKTepAl OHJEY apXUTEKTypachl KapacThlpbuiaabl. 3epTTeyaiH MakcaTsl - Hadoop xoHe
Spark-Te1  nepbec maiianaHyMeH CallbICTBIpFaHJa THOPHIATI OpPTaHBIH THUIMIUICIH Oaranay >KoHE
OHTAMNAHJBIPYABIH (OpPMaNbIbl TICUIIH a3ipiey. Makanaia eHJey >KbULIAMJIBIFBIH, MAacHITa0TaTybIH,
pecypcTapAbpl MaianaHyblH, YCTEME HIBIFBIHAAPBIH JKOHE TMOPUATI apXUTEKTYPaHbIH KaJlbl THIMALIITIH
CHUITATTAWTBIH AHAIMTHKAIBIK MOJIENbACp XKyHeci YChiHbUIaNbL. [lmatdopManapasl caabICTBIPYIbI Kb
cUIaTTaMaiapMeH HeMece OKIIayJlaHFaH JTaloHIapMeH IICKTEHTIH 3epTTeyliepAeH albIpMaIlbUIbIFbI, OYIT
Makana JepeKTepAi cakray, TYWIHAEp apachlHAarbl OailmaHpIc, ecenTey >YKTeMeci JKoHEe KiacTep
KOH(UTypauusicbl Napamerpiiepi apachlHAarbl OainaHbicka OarbiTTanraH. Hadoop Taparbuiran caxray
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MexaHu3MAepiH Spark >kafplHAaFbl ©HIACYMEH OipiKTipy OUCKIHIH EHIi3Y/IIbIFapy oCepiH a3alTaThIHBI,
KYKTEMEHIH apTyblHa Te3IMAUTIIKTI JKakcapTaTelHBI oHe ax neH CPU pecypcrapeiH TeHrepimai
naiianany/pl KAMTaMachl3 €TeTiHI KepceTireH. by HoTmxkenep ruOpUATI apXUTEKTYPaHbIH afHBIMAJIBI )KOHE
KapKBIHABI JKYMBIC KYKTeMeJepi Ke3iHAe TeTeporeHIi AepeKTepli eHAeyre apHajfaH MacIiuTaOTanaTbiH
AHAMTUKANBIK ToIaTdopManapasl Kypy YIIiH NEepCreKTHUBANbBI IIENIiM eKeHIH pacTaiasl. by seprreymid
MPAKTUKAIBIK MaHBI3IbUIBIFBI YCHIHBUIFAH MOJICNBACPII alfMaKThIK YKOHE KOCIMOPBIHIBIK YIIKEH JepeKTepIl
Tangay xyenepi xobanaay MeH KOHQUTypalusiayaa dJeyeTTi naijananyaa KaTeip.

Tyiin ce3nep: yiIKeH nepekrtep, THOpunarTi apxutektypa, Hadoop, Spark, Tapartsuran ecemreyiep,
MacITadTary, OHTaHIaHIBIPY, NEPEKTePAl OHIey THIMILTIT, aKkaylIapFa TO3IMALIIK, eCenTey pecypcTapshl.
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MOJEJUPOBAHME U ONITUMU3AIINS TUBPUIHOM APXUTEKTYPBI HADOOP-SPARK
JJIS1 HOBBIITEHUS DO@O®EKTUBHOCTHU OBPABOTKHU BOJIBIINX JAHHBIX

ArHomayus

B yclioBHsSIX CTPEeMHUTENBHOTO pocTa 00BEMOB, Pa3HOPOJHOCTH U MHTCHCHBHOCTH TOCTYIUICHHS JaHHBIX
IIOBBIIIAIOTCA TpC6OBaHI/I${ K apXUTCKTYypam, O6CCHC‘II/IBaIOHII/IM HE TOJIBKO BBICOKYIO IMPOU3BOAUTCIBHOCTD,
HO M YCTOMYHMBYIO MAacCIITaOMPYeMOCTh, PAIlOHAIFHOE HCIIOIb30BAaHWE BBIYHCIUTEIBHBIX PECYPCOB H
OTKa30yCTOWYMBOCTh. B cTaThe paccMaTpuBaeTcsi THOPUAHAS apXUTEKTypa 0OpaOOTKH OOJBININX JaHHBIX,
oOBeuHsIONMas pacnpenenéunyio ¢ainosyro cucremy Hadoop Distributed File System u MexaHusmbl
orepatuBHOM 00paboTku Apache Spark. Llens nccnenoBanus 3aKirodaercs B pa3padboTke popMamTn30BaHHOTO
MOAXO0Ja K OLUEHKE M ONTHUMHU3AIMU 3(PPEKTUBHOCTH TUOPHIHOW CpeIbl MO CPAaBHEHUIO C aBTOHOMHBIM
ucnois3oBanueM Hadoop u Spark. B paGore npeanoxeHa cucTeMa aHATUTHUSCKUX MOJICIICH, OMUCHIBAIOIIUX
CKOpPOCTh 00pabOTKH, MaclITadMPyeMOCTb, HCIIOJIb30BAHUE PECYpCOB, HAKNAIHbIC W3ACPKKA U
UHTETpaTbHYI0  3(P(eKTHBHOCTH  TMOPHIHON  apXMTeKTypel. B oTiamume OT  HWCClIenoBaHMH,
OTPaHUYUBAIOIIUXCS CpaBHEHHWEM IarGopM Ha ypoBHE OOMIMX XapaKTEPUCTUK WM HW30JHMPOBAHHBIX
6eH‘IMapKOB, B JlaHHOﬁ CTaTb€ BHUMAHUC COCPCAOTOYCHO HA B3aMMOCBA3U MCEXKAY XPaHCHUCM JIaHHBIX,
MEKY3JIOBBIM OOMEHOM, BBIYMCIUTENBFHON Harpy3KOi M mapameTpaMu KoHpUrypauu kinacrepa. [lokasaHo,
4T0 0O0BEIMHEHHE MEXaHU3MOB pachpeaei¢HHoro xpaneHus Hadoop c in-memory-o0pabotkoii Spark
IIO3BOJIIET CHHU3UTH BIIMAHHC JHCKOBOI'O BBOJA-BBIBOJA, ITOBBICUTH YCTOI\/'I‘II/IBOCTL K POCTY Harpys3Kku u
obecnieunTs Oosiee cOaaHCHPOBAHHOE MCIIOJIBH30BAHUE MAMSATH M MPOLECCOPHBIX pecypcoB. IlomydeHHbIe
pe3yNbTaThl MOATBEPKIAIOT, YTO THUOPHIHAS apXUTEKTypa SIBISAETCS MNEPCIIEKTHBHBIM PEIICHUEM Ui
MOCTPOCHHUST MACIITA0OMPYEMbBIX aHATUTHYECKHUX T1aT(HOPM, OPUCHTUPOBAHHBIX HA 00paOOTKY TeTepOTeHHBIX
JaHHBIX B YCJIOBHUAX NCPEMCHHBIX W MHTCHCHUBHBIX HArpy3oK. HpaKTI/I‘IeCKaH 3HAYNUMOCTDb HCCIICJOBAaHUA
COCTOMT B BO3MOYKHOCTH HCIIOJIb30BAaHHS TIPEUIOKESHHBIX MOJENICH HPU NMPOESKTHPOBAHWU W HACTPOIKe
PETrUOHAJIBHBIX U KOPIIOPATUBHBIX CUCTEM aHAJIMTUKH 60.HBIIH/IX JaHHbIX.

KaroueBbie ciaoBa: Oonblnve AaHHBIE, THOpuaHas apxuTekrypa, Hadoop, Spark, pacnpenenénubie
BBIYHCIICHHS, MaCIITAOMPYEMOCTh, ONTUMH3ALHSA, 2P HEKTHBHOCTH 00PaOOTKH JAHHBIX, OTKa30yCTOHYUBOCTS,
BBIYHCIIUTEIIBHBIE PECYPCHI.

Introduction

Main provisions. The study examines the effectiveness of a hybrid Hadoop—Spark architecture for
distributed big data processing under conditions of growing volumes and heterogeneous data flows.
A formalized architecture evaluation approach is proposed based on a joint analysis of processing
time, scalability, resource utilization, and integrated efficiency. Comparative analysis results show
that the hybrid architecture delivers higher execution speed compared to Hadoop and more robust
scalability compared to standalone Spark as data volumes increase. It is established that combining
HDEFS distributed storage and Spark computing engines enables a more balanced load distribution
and improves overall system efficiency. The practical significance of this work lies in the potential
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application of the proposed approach to the design and optimization of analytical platforms for
regional and corporate information systems.

In recent years, the development of digital services, sensor networks, electronic collaboration
platforms, and enterprise information systems has led to a dramatic increase in the volume, speed,
and diversity of data. Under these conditions, traditional centralized processing tools are proving
insufficiently flexible to support high-load analytics, especially when scaling, processing streaming
data, and integrating heterogeneous sources are required. Recent research emphasizes that big data
architectures are increasingly focused on distributed processing, modularity, and adaptation to
various types of computing workloads. Furthermore, the transition from classic Hadoop-based
solutions to more flexible and cloud-compatible architectures is considered an important trend in the
development of the entire big data ecosystem [1-3].

Among the most widely used big data processing platforms, Hadoop and Spark occupy a special
place. According to modern comparative studies, the choice between them cannot be determined
solely by overall performance, as efficiency depends on the nature of the tasks, fault-tolerance
requirements, scheduling features, the computing model used, and infrastructure parameters. Hadoop
retains its value as a reliable platform for distributed storage and batch processing, while Spark is
particularly effective in scenarios requiring iterative computing, operational analytics, and intensive
memory usage. At the same time, review studies show that neither platform is a universal solution
for all classes of workloads in standalone mode, and architectural tradeoffs between speed, resilience,
and resource efficiency remain the subject of active research [4-6].

For this reason, interest in hybrid architectures that combine the advantages of various data
processing stacks is growing in the modern literature. Research in recent years has demonstrated a
shift in focus from isolated analysis of individual platforms to a comparison of holistic architectural
stacks, including Hadoop-based, modern, and cloud-based approaches. Such studies demonstrate that
when designing an analytical environment, it is necessary to consider not only the computing core
but also the entire data lifecycle: collection, preprocessing, storage, transmission, analytical
processing, and presentation of results. Moreover, for distributed systems, data locality, inter-node
exchange, transmission costs, and coordination between storage mechanisms and computational logic
are essential [2, 7, 8].

The issue of optimizing task execution in a distributed environment adds further relevance to the
problem. Recent studies show that the overall efficiency of big data platforms depends significantly
on the quality of load balancing, scheduling strategies, and mechanisms that reduce data transfer
losses and uneven distribution of computing resources. Intelligent scheduling methods are actively
developing for Spark-based environments, while approaches aimed at improving data locality and
reducing task execution overhead are being developed for Hadoop-like systems. This suggests that
research into architectural efficiency should not be limited to comparing the execution times of
individual tests; a more formal consideration of the relationship between storage, processing, network
exchange, and resource utilization is required [9-10].

An analysis of modern publications reveals that, despite a significant number of review and
empirical studies, the literature remains insufficiently developed to formally describe the hybrid
Hadoop-Spark architecture as a single optimized system. Many studies either limit themselves to
comparing platforms under specific benchmark conditions or examine architectural stacks at the
macro level, without integrating performance, scalability, resource utilization, and overhead into a
single model. However, this formulation of the problem is particularly important for systems
operating with heterogeneous data streams and variable loads, where the practical value of the
architecture is determined not by a single metric, but by the consistency of several characteristics
simultaneously [1, 4, 7, 8].

Therefore, the objective of this study is to develop an approach to modeling and optimizing a
hybrid Hadoop-Spark architecture to improve the efficiency of big data processing in a distributed
environment. The scientific novelty of this work lies in its approach to the hybrid architecture, which
is considered not only as a set of technological components but also as a formalized system for which
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metrics for processing speed, scalability, resource utilization, and overall efficiency can be defined
and agreed upon. The practical significance of this study lies in the potential application of the
proposed approach in the design and configuration of analytical platforms for regional and corporate
information systems that require robust computations on large and heterogeneous data sets.

Research methods

This study utilized a comparative analytical approach to evaluate the effectiveness of a hybrid
Hadoop—Spark architecture relative to standalone Hadoop and Spark implementations. The research
methodology included developing an architectural model, selecting a metric system, constructing
formalized dependencies for quantitative performance evaluation, and conducting a series of
computational experiments in a controlled cluster environment. The object of study was a distributed
big data processing system combining the long-term storage capabilities of the Hadoop Distributed
File System and the high-speed processing mechanisms of Apache Spark.

In the first stage, an architectural diagram of the environment was created. In its basic
configuration, Hadoop was used as a distributed storage and batch processing platform using HDFS,
MapReduce, and YARN. Spark was considered as a computational processing environment focused
on in-memory tasks using Spark Core, Spark SQL, Spark Streaming, MLIib, and GraphX. The hybrid
architecture was built as an integrated environment, with data storage in HDFS and computational
processing performed by Spark with direct access to the distributed storage. This arrangement
combined the fault tolerance and scalability of Hadoop with the advantages of Spark's in-memory
approach.

In the second stage, the experimental environment was defined (Table 1). The study was conducted
on a cluster of 6-10 computing nodes, each equipped with Intel Xeon E5-2630 v4 processors, 64 GB
of RAM, and a 10 Gbps network connection. Hadoop 3.2 and Spark 3.1 were used for the software,
with an HDFS replication factor of three. Datasets ranging from 500 GB to 3 TB in size, including
structured, semi-structured, and unstructured data, were used to simulate typical distributed analytics
scenarios. Streaming data loading was simulated using Apache Flume and Apache Kafka, while batch
integration was simulated via HDFS. Ganglia and Apache Ambari were used to monitor cluster status
and record metrics.

Table 1. Experimental environment and benchmark configuration

Cluster size 6—10 nodes

CPU Intel Xeon E5-2630 v4

RAM per node 64 GB

Network 10 Gbps

Hadoop version 3.2

Spark version 3.1

HDFS replication factor 3

Dataset size 500 GB-3 1B

Data types Structured, semi-structured, unstructured
Streaming tools Apache Kafka, Apache Flume
Monitoring tools Ganglia, Apache Ambari
Benchmarks TPC-H, HiBench

In the third stage, a test workload system was established. Standardized benchmarks, TPC-H and
HiBench, were used to ensure reproducibility and comparability of results. TPC-H was used to
evaluate the performance of analytical queries on structured data, while HiBench was used to model
a wide range of operations: batch processing, streaming analytics, machine learning tasks, and graph
processing. This combination allowed us to study the behavior of the architectures under different
workload profiles and varying intensities of inter-node communication.
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In the fourth stage, a system of quantitative metrics was developed. The key indicators were
processing time, scalability, computational resource utilization, and the overall efficiency of the
hybrid architecture. Processing speed was defined as the ratio of the number of completed operations
to the total task execution time:

20j

where O; — the number of operations completed within task j, T — the total computation time.
The scalability indicator was defined as the ratio of performance gain to data volume gain:

S _ Pnew/Pbase (2)

Dnew/Dbase

where P,.,, and Py, — the system performance under the new and base load volumes, D,,,, and
Dyase — the corresponding data volumes. The integrated resource utilization score was calculated as
an average function of the processor, memory, and input-output subsystem load:

R= % YP_ (CPU, + MEM, + 10;) 3)

where p — number of active processes, CPU,, MEM,, 10, — resource utilization indicators for the
process k. For the hybrid architecture, an additional efficiency metric was introduced, considering
not only the volume of operations performed and execution time, but also the size of the data
processed, inter-node transfers, and system overhead:

_ 2 0;
T+a Y. Trm+BY Ohy

Ep 4
where 0; — the number of executed operations, T — the total processing time, T1,, — the cost of
transferring data segments between nodes, Oh; — the system overhead, and a and S are the
coefficients that measure the impact of data transfer and service costs on the overall efficiency. Unlike
a simple measurement of execution time, this metric allows one to evaluate the architecture as a
holistic distributed system, in which computational performance depends on the consistency of
storage, processing, and communications.

In the fifth stage, the three architectures were compared using a single procedure. All
computational scenarios were run under identical hardware conditions and with comparable data
volumes. For each configuration, the average execution time, result variability, the nature of
performance changes with data growth, and the level of computational resource utilization were
recorded. This minimized the influence of external factors and ensured the validity of the comparative
analysis. Attention was paid to cases in which Spark demonstrated acceleration due to in-memory
processing but began to lose stability with increasing data volume, while Hadoop, conversely,
maintained storage stability but suffered from execution speed. The hybrid architecture was analyzed
as a compromise model capable of providing a more balanced performance under variable load
conditions. The proposed methodology combines architectural analysis, experimental comparison,
and a formalized metrics system. This allows us to move beyond a descriptive comparison of Hadoop,
Spark, and their hybrid integrations to a more rigorous assessment of the conditions under which a
hybrid architecture truly delivers increased efficiency in big data processing.

To ensure methodological consistency, the study was organized as a sequential workflow
including architecture design, experimental setup, workload generation, metric definition,
comparative evaluation, and interpretation of results. This workflow provided a structured basis for
the formal and experimental assessment of the Hybrid Hadoop—Spark architecture. The main stages
of the research process are presented in Figure 1.
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1. Architecture 2. Experimental 3. Workload 4. Metric 5. Comparative 'B.tReSUIE
design environment setup generation definition evaluation n fiirgr:e a

Figure 1. Research workflow for evaluating the Hybrid Hadoop—Spark architecture

As shown in Figure 1, the proposed methodology combines architectural modeling with
benchmark-based evaluation and analytical interpretation. Such a sequence makes it possible to move
from a conceptual description of the Hybrid architecture to a quantitative comparison with standalone
Hadoop and Spark under controlled workload conditions.

Results of the study

A comparative analysis showed that the hybrid architecture delivers superior execution time and
overall efficiency while maintaining robust scalability. The most pronounced advantage is observed
in mixed-workload scenarios requiring a combination of long-term storage, intensive analytical
processing, and adaptability to data growth. To quantify the performance differences between the
evaluated architectures, the average execution time and the variability of results were measured under
identical workload conditions. Table 2 summarizes the comparative results for Hadoop, Spark, and
the Hybrid architecture.

Table 2. Comparison of execution time and stability of results

System Average execution time, s Standard deviation, s Reduci_;{azzfp’:eg five to
Hadoop 1200 45 0,0
Spark 740 38 383
Hybrid 690 32 425

Note: Reduced time relative to Hadoop was calculated as the percentage decrease in average execution
time with Hadoop taken as the baseline.

From the data in Table 2 it follows that the hybrid architecture provides the minimum average
execution time and the least variability of results, which indicates more stable operation of the system.

The lower standard deviation observed for the Hybrid architecture indicates not only improved
execution speed but also more consistent behavior across repeated runs. This suggests that the
integration of distributed storage and accelerated processing reduces sensitivity to workload
fluctuations and improves execution stability. To complement the quantitative results, a qualitative
comparison was performed across the main architectural criteria relevant to big data processing. The
results of this comparison are presented in Table 3.

Table 3. Qualitative comparative assessment of architectures based on key criteria

Criteria Hadoop Spark Hybrid
Batch processing of big data High Medium High
Streaming analytics Low High High
lterative calculations Low High High
Scalability with data growth High Medium High
Robustness under limited memory High Low Medium/High
Integral efficiency Medium High Highest

Note: High, Medium, and Low indicate qualitative comparative assessments derived from the experimental
results and analytical interpretation of the considered architectures.
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The results in Table 3 show that the standalone platforms have a pronounced specialization, while
the hybrid architecture exhibits more general characteristics and is better adapted to heterogeneous
processing scenarios. To assess the performance of the considered architectures, the average
processing time was measured under identical workload conditions. The comparison included
standalone Hadoop, standalone Spark, and the proposed Hybrid architecture. The obtained results are
presented in Figure 2.

Processing time comparison of Hadoop, Spark, and Hybrid
architecture

1500

S

1000

N I l l
0

Hadoop Spark Hybrid

Time

Figure 2. Processing time comparison of Hadoop, Spark, and Hybrid architecture

As shown in Figure 2, the Hybrid architecture achieved the lowest processing time among the
evaluated systems. Hadoop demonstrated the highest execution time due to its dependence on disk-
based operations, whereas Spark significantly improved performance through in-memory processing.
At the same time, the Hybrid architecture combined the advantages of distributed storage and
accelerated computation, which resulted in the best overall performance.

To further interpret the scalability behavior of the evaluated architectures, a trend-based
comparative visualization was constructed. Figure 3 does not present raw benchmark measurements
for each individual point; rather, it reflects the observed scalability trend derived from the
experimental results and their analytical generalization under increasing data volumes. This
representation is used to illustrate the relative behavior of Hadoop, Spark, and the Hybrid architecture
as workload size grows.

Scalability performance of Hadoop, Spark, and Hybrid
architecture with increasing data volume

2,00
o
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Data volume
Figure 3. Scalability performance of Hadoop, Spark, and Hybrid architecture with increasing data volume

As illustrated in Figure 3, Hadoop maintains a relatively stable scalability profile, although its
performance growth remains moderate. Spark demonstrates stronger initial acceleration, but its
relative efficiency declines when the workload approaches memory limitations. The Hybrid
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architecture preserves a more consistent upward trend, indicating a better balance between storage
scalability and computational speed under increasing data volumes.

To complement the performance analysis, resource utilization profiles were compared across the
evaluated architectures. Figure 4 summarizes the relative CPU load, memory consumption, and I/O
overhead observed during the experimental runs.

Comparative resource utilization profile of Hadoop, Spark, and
Hybrid architecture

100
80
2 60 M CPU utilization
=
§ 40 Memory utilization
I/0 overhead
20
0

Hadoop Spark Hybrid

Figure 4. Comparative resource utilization profile of Hadoop, Spark, and Hybrid architecture

As shown in Figure 4, Hadoop is characterized by relatively high I/O overhead, while Spark
demonstrates the highest memory consumption. The Hybrid architecture provides a more balanced
resource profile, reducing I/O intensity compared to Hadoop and avoiding the excessive memory
dependence observed in standalone Spark.

The values shown in Figure 4 reflect the comparative resource utilization profile observed in the
experimental environment and are used to illustrate the relative balance of CPU, memory, and I/O
demands across the evaluated architectures.

The graphical presentation of the results confirms that the hybrid architecture combines high Spark
processing speed with greater resilience to load growth than the standalone Spark configuration, while
outperforming Hadoop in execution time in most computing scenarios.

To complement the comparative performance analysis, the evaluated architectures were also
interpreted in terms of their practical suitability for different workload scenarios. This makes it
possible to relate the obtained results not only to benchmark performance, but also to the most
appropriate application domains of each platform. The corresponding recommendations are
summarized in Table 4.

Table 4. Recommended application scenarios for the evaluated architectures

Architecture Most suitable scenario
Hadoop Large-scale batch processing and long-term storage
Spark lterative analytics and real-time data processing
Hybrid Mixed workloads with variable data volume and heterogeneous
sources

Table 4 shows that each architecture has its own area of strongest applicability. Hadoop is more
appropriate for storage-oriented and batch scenarios, Spark is preferable for fast iterative and
streaming analytics, whereas the Hybrid architecture is the most suitable option for environments
where storage reliability, computational speed, and adaptability to heterogeneous workloads are
required simultaneously.
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Discussion

The obtained results show that the differences between Hadoop, Spark, and the Hybrid architecture
are determined not only by computational performance, but also by the way storage and processing
are organized. Hadoop remains effective for large-scale batch workloads due to its distributed storage
and fault tolerance, but its reliance on disk-based operations limits responsiveness in low-latency
scenarios. Spark provides higher performance in iterative and real-time analytics tasks, although its
efficiency is more sensitive to memory availability and cluster configuration.

Against this background, the Hybrid architecture demonstrates a more balanced operational
profile. Its advantage lies in the functional separation between storage and computation: HDFS
provides durable distributed storage, while Spark accelerates computationally intensive processing
steps. This combination makes it possible to preserve high processing speed while maintaining
stability under increasing and heterogeneous workloads.

An important implication of the study is that the assessment of big data architectures should not
be limited to execution time alone. A more informative comparison requires the joint consideration
of scalability, resource utilization, and overall efficiency. From this perspective, the Hybrid
architecture can be viewed as an optimizable system in which performance depends on the
coordination of storage, computation, and data exchange mechanisms.

At the same time, the results should be interpreted with some caution. The experiments were
conducted for a specific cluster configuration and a selected set of workloads, so the observed effects
may vary under different infrastructure settings. Further research may therefore focus on adaptive
tuning of the Hybrid environment and on extending the analysis to broader workload and deployment
scenarios.

The study has several limitations. The experiments were performed on a fixed cluster configuration
and a selected set of workloads, which may not fully represent all deployment conditions. In addition,
the scalability visualization reflects the observed experimental trend and its analytical generalization
rather than a full raw benchmark series for every workload scenario.

Conclusion

This article examines an approach to modeling and evaluating the effectiveness of a hybrid
Hadoop-Spark architecture for distributed big data processing. The analysis revealed that standalone
Hadoop and Spark platforms offer distinct advantages for certain classes of tasks; however, their
independent use does not always provide the optimal balance of performance, scalability, and
resource efficiency.

The study's results confirmed that a hybrid architecture combining Hadoop's distributed storage
and Spark's computational engines enables more robust and balanced processing performance.
Compared to Hadoop, it delivers higher task execution speeds, and compared to Spark, it
demonstrates greater resilience to growing data volumes and increasingly complex computational
scenarios. This makes the hybrid approach particularly promising for information systems that
combine large data volumes, heterogeneous source structures, and variable workloads.

The scientific significance of this work lies in the fact that the hybrid architecture is considered as
a formalizable system for which metrics for processing speed, scalability, resource utilization, and
overall efficiency can be defined. The practical significance lies in the potential use of the proposed
approach in designing and configuring analytical platforms for regional and corporate information
systems. Prospects for further research include deepening adaptive task distribution models, taking
network latency into account, and developing methods for intelligently optimizing hybrid
environment configurations based on data characteristics and computational load.
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