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Abstract. The rapid growth of data volumes and heterogeneity places increas-
ing demands on the efficiency and scalability of big data analytics platforms. This pa-
per investigates the performance limitations of standalone Hadoop and Spark architec-
tures and proposes a hybrid architecture that integrates Hadoop Distributed File System
(HDFS) with Spark’s in-memory processing model. The main objective of the study is
to evaluate whether the hybrid approach provides measurable performance benefits for
regional data analytics tasks. The proposed architecture was implemented and evaluated
using real-world datasets from regional information systems of the akimats of Almaty,
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Shymkent, and Turkestan. Benchmarking was conducted using TPC-H and HiBench
workloads, covering batch processing, streaming analytics, and machine learning tasks.
Performance was assessed in terms of processing time, scalability, resource utilization,
and fault tolerance. Experimental results demonstrate that the hybrid architecture con-
sistently outperforms standalone Hadoop in processing speed and achieves comparable
or superior performance to Spark under large-scale workloads, while avoiding exces-
sive memory consumption. On average, the hybrid system reduced execution time by
25-40% compared to Hadoop and showed more stable scalability than Spark when data
volumes exceeded available memory. These findings indicate that hybrid architectures
are particularly effective for regional information systems characterized by heteroge-
neous data sources and variable workloads.
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AHHoTanus. /[epexTep KeleMi MEH reTeporeH AU HIH KapKBIHABI 6CYl YIKEH
JEpeKTep/Ii Tanay miaTGopMaIapbIHbIH THIMIUIIT MEH MacIITa0TaTyblHa KOMBIIATHIH
Tajantapabl apTTeipyna. Makamana Hadoop skxone Spark mepOec apxurekrypanapbl-
HBIH OHIMJIUTIK mekTeynepi tanganeimn, Hadoop tapanran gaitnasik xyiecin (HDFS)
Apache Spark-TiH *xenmen xanra IepeKTepAl OHIEY MOACIIMEH OipiKTIpeTiH ruOopu-
Ti aQPXUTEKTypa YCHIHBLIAABI. 3epTTEyAiH MaKcaTbl — THOPUATI TOCUIAIH OHIpIIK Jie-
pPEeKTep aHAJIUTHKACHI YIIIH OJIICHETIH OHIMIUTIK apTHIKIIBUIBIKTAPIH KaMTaMachl3
eTeTiHiH Oaranay. ¥ ChIHbUIFaH apxurektypa Anmarsl, [lIeivkenT xone TypkicTaH Ka-
JaNapbIHBIH SKIMIIKTEPiHIH OHIPIIIK aKIapaTThIK KYHEeIepiHiH HAKThI IEPEKTEp KUBIH-
THIKTApPbI HET131H/IE iCKE aChIPBUIBII, CHIHAKTAH OTKI3UII1. baranay makeTTi oeHJeY, aFbIH-
JIBIK aHAJUTHKA JKOHE MAIIMHAIBIK OKBITY TarchipMmanapbiH KaMTHThIH TPC-H >xonHe
HiBench crannmaptTsl GeHUMapKTapbl apKbUIbI KYPri3uiai. OHIMIUTIK KepceTKimTepi
pETiHaE OpBIHIANY YaKbIThl, MACIITA0TAIly, peCypcTapAbl MaiaanaHy jKoHE akayliapra
TO3IMILTIK KapacThIPbUIABI. JKCIEPUMEHTTIK HOTHXKENEp THUOPUATI apXUTEKTYPaHbIH
OH/JICY KbUIIaMIbIFbI OoiibiHIIa Hadoop-TaH TypakThl Typ/e )KOFaphl EKeHiH JKoHE YII-
KeH KeJeM/li )KyKTemesep Ke3inae Spark-rneH caibICThIpMalibl HeMece OJaH Jia JKOFa-
PBI OHIMJIITIK KOPCETETiHIH, COHBIMEH KaTap KaJl pecypcTapblH IMaMaaH ThIC Taiiia-
nTaHOaiTeIHBIH KepceTTi. Opra ecenmen rudpuari xyie Hadoop-nien canbicThipranga
OpBIHAANY YaKbIThIH 2540 % KbICKapTThI )KOHE JIEpEeKTep KoeMi apTKaH ke3ne Spark-
K€ KaparaH/a HEeFypJIbIM TYpPaKThl MAaCIITa0TaMy/Ibl KAMTaMachl3 €TTi. AJIBIHFaH HOTH-
Kellep JAepeKTep Ko3Aepi opTYpili kKoHE )KYKTeMeci KyObUIMasbl OHIPIiK aKmapaTThIK
KyHenepae TMOPUITI apXUTEKTypasiapIbl KOJIIaHYABIH THIMIUTITIH TSNS II.

Tyiiin ce3nep: ynken npepekrep, Hadoop, Spark, rubpuari apxutextypa,
OHIMJILTIKTI Oaraiay, JepeKTep/ii OHIey, MacIITadTary
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THIMJII TajgayFra Kapail: THOpPUATI apXUTEKTYPaHbl CHT13y1iH MPAKTUKAJIBIK TYCIHIKTEP
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AHHOTanusi. bBbicTpblli  pocT O00BEMOB M TETEPOr€HHOCTH  JIAHHBIX
MPEIbSABISAIOT MOBBIIIEHHbIE TpeOOBaHUA K 3((EKTUBHOCTH M MacIITaOUPYEMOCTH
mw1aTrGopM aHaJIUTUKU OOJIBIIMX JaHHbIX. B cTaTbe HCCIEeNyHOTCS OrpaHUYEeHUS
MIPOM3BOIUTENILHOCTH aBTOHOMHBIX apxuTektyp Hadoop m Spark u mpeanaraercs
ruOpuaHas apxXuTeKTypa, UHTETpUpYIOIIas pacrpeaeiaeHHyo (alaoByl0 cucTeMy
Hadoop (HDFS) ¢ Monenbto 00paboTku JaHHBIX B oneparuBHOM namstu Spark. Oc-
HOBHAsl LI€JIb UCCIIEJOBAHUS — OLEHUTb, 00ECIEeUNBAET JIU TMOPUAHBIN MTOIX0/ U3Me-
pUMbIE IPEUMYILIECTBA B IPOU3BOIUTEILHOCTH JUIsl 3a/1a4 aHAJIN3a PETUOHAIIBHBIX JIaH-
HbIX. [IpeanoskenHas apxuTekTypa Obljia peajin30BaHa U MPOTECTUPOBAHA HA pealbHbIX
HabopaxX JaHHBIX PErHOHAJIbHBIX HH(OPMALMOHHBIX CHUCTEM aKUMaToB AJIMaThl,
HIemvkenTa u Typkectana. OueHka NpoBOAMIACH C HCIIOIb30BAaHUEM CTAHJAPTHBIX
6enumapkoB TPC-H u HiBench, oxBaTbiBaronux nakeTHyro oOpabOTKy AAaHHBIX, IO-
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TOKOBYIO aHAJIUTHKY U 33/1a41 MAIIMHHOTO 00y4eHus. [[pon3BOANTENEHOCTD OIICHHBA-
Jach ¢ TOYKHU 3pEHHS BpEMEHH 00pabOTKH, MaCcIITAOMPyEeMOCTH, UCTIONBb30BaHHs pecyp-
COB M OTKa30yCTOHYMBOCTH. Pe3ynbTaThl SKCIEPUMEHTOB MOKA3bIBAIOT, YTO THOPUIHAS
ApPXUTEKTypa CTa0WIBHO MPEBOCXOAUT aBTOHOMHBIH Hadoop mo ckopoctu 006paboTku
U JOCTHTaeT COMOCTaBHUMOM WJIM MPEBOCXOIHOW MPOU3BOAMTENBHOCTU co Spark mpu
00abpIIMX 00BEMax JAaHHBIX, U30€eras MpU 3TOM YPE3MEPHOTo NOTpedaeHus namsaru. B
cpeaHeM THOpuIHas CUCTEMa COKpaTria BpeMs BhIoHeHus Ha 25—40 % 110 cpaBHEHHUIO
¢ Hadoop u npogemoncTprpoBaina 6o1ee cTabMIbHYI0 MacITaOMpyeMOoCThb, yeM Spark,
KOTJ]a 00bEMBI TJAHHBIX MPEBBIIIATH TOCTYITHYIO TaMITh. DTH PE3yIbTaThl YKA3bIBAIOT
Ha TO, YTO THOpHIHBIE APXUTEKTYphl OCOOCHHO 3(PPEKTHBHBI ISl PErHMOHATIBHBIX
UH(QOPMALMOHHBIX CHUCTEM, XapaKTEPU3YIOIUXCA TEeTEPOreHHBIMH HCTOYHHKAMH
JAHHBIX ¥ IEPEMEHHBIMU HArpy3KaMHu.

KiroueBble cioBa: 6onsime nanasie, Hadoop, Spark, rubpunnas apxuTexry-
pa, OlleHKa POU3BOIUTEIIFHOCTH, 00pa0OTKa TaHHBIX, MACIITAOUPYEMOCTh

Jas uutupoBanusi: COK. AnmackapoB, P.K. VYckenOaeBa, A. Pasax,
A.b. KaceimoBa, A.M. Anapraesa (2026). Ha myTtu k 53¢ hekTnBHOIM aHATUTHKE OOIIBIINX
JAHHBIX B PETHOHAJBHBIX CUCTEMaX: MPAKTUYECKHIE BBIBOBI M3 BHEIPEHUS THOPUIHOM
ApXUTEKTYpHI // MexXayHapoIHBIN KypHAT HHPOPMALMOHHBIX U KOMMYHHUKAIIHOHHBIX
texaonorui. T. 7. No. 25. Ctp. 146-164. https://doi.org/10.54309/1JICT.2026.25.1.009.
(Ha anr).

KondaukT mHTEpecoB: aBTOPHI 3aBISIOT 00 OTCYTCTBUU KOH()IUKTA HHTEPECOB.

Introduction.

The proliferation of data from many sources in the digital age has drastically
changed how decisions are made and how innovation is implemented across industries.
Big data systems are essential because they make it possible to handle, analyze, and
extract value from the enormous amounts of data that are produced every day. With its
intrinsic volume, pace, and variety, the rapidly expanding digital data poses possibili-
ties as well as obstacles (Govett et al., 2024; Deepak et al., 2019). This diverse terrain
is posing an increasing challenge to conventional data processing systems, which were
largely built for organized data within fixed throughput limitations. Therefore, the focus
has turned towards more flexible, adaptable, and efficient systems that can adjust to
these new demands because of the introduction of big data technology.

Big data analytics make it possible to gain previously unattainable insights into
operations, customer behavior, and economic trends in industries including healthcare,
finance, and retail. These solutions stimulate the development of new services and goods
in addition to improving operational efficiency. But as data volumes increase, there is
an increasing need for increasingly sophisticated data processing methods (Razaque et
al., 2022; Majida et al., 2021). This paper presents a new Hybrid architecture that at-
tempts to leverage the combined strengths of Hadoop and Spark, two popular big data
processing frameworks, for improved performance and scalability. It also examines the
development and capabilities of these two frameworks.
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Large-scale structured data quantities could be handled effectively by databases,
which marked the beginning of the big data technology journey. But with the advent of
the digital age came an influx of unstructured data that conventional relational databases
were ill-equipped to handle. This resulted in the creation of Hadoop, which processed
data across computer clusters using MapReduce and a distributed file system. Although
Hadoop’s fault tolerance and scalability revolutionized data processing, its speed was
frequently an issue, particularly for real-time analytics (Deshai et al., 2020; Weng et al.,
2024). Apache Spark was created to overcome Hadoop’s shortcomings by providing a
memory-centric method for handling massive datasets quickly.

Spark offered real-time data analytics, which was essential for applications re-
quiring instant insights, and significantly shortened the time needed for iterative pro-
cesses by performing difficult calculations in memory (Domenteanu et al., 2024; Win-
kler et al., 2023). Even with their respective advantages, Hadoop and Spark are unable
to completely meet the wide-ranging needs of contemporary big data applications. To
close this gap and provide a flexible and potent response to modern data difficulties, hy-
brid systems—which blend Spark’s speedy processing with Hadoop’s strong data man-
agement capabilities—are being investigated (Khalid et al., 2021; Ehsan et al., 2022;
Sugimiyanto et al., 2020). This study explores these technologies in detail, assesses
their relative and combined efficiency, and emphasizes how the hybrid design can help
advance big data analytics (Rashid et al., 2022; Al-Jumaili et al., 2023; Ramachandran,
2024; Ehsan et al., 2022).

Despite extensive studies on Hadoop- and Spark-based analytics, most exist-
ing works focus either on theoretical performance comparisons or controlled laboratory
benchmarks. Practical evaluations of hybrid architectures in real regional information
systems remain limited, particularly with respect to scalability under heterogeneous
workloads and constrained infrastructure.

This study addresses this gap by testing the hypothesis that a Hadoop—Spark
hybrid architecture provides superior performance stability and scalability for regional
big data analytics compared to standalone platforms. The scientific contribution of this
work lies in the empirical validation of this hypothesis using real-world datasets and
standardized benchmarks, as well as in identifying operational scenarios where hybrid
deployment is most effective.

Literature Review

The exponential expansion in the amount of data, variety, and velocity has
prompted a significant transformation of the digital world through the advent of big data
technology. The complexity of today’s data streams has rendered traditional data pro-
cessing systems which were designed for structured data within steady throughput lim-
its—increasingly insufficient. This has led to a change in big data technologies toward
ones that are more efficient, scalable, dynamic, and better fit for the needs of the present
(Statt et al., 2024; Kuru, 2024). Big data analytics has produced hitherto unheard-of
insights into operations and customer behavior in industries including healthcare, bank-
ing, and retail, boosting productivity and spurring innovation (Lakshmi et al., 2024;
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Kumar et al., 2023).

The study delves into the evolution and capabilities of Hadoop and Spark, two
predominant frameworks, and introduces a novel Hybrid architecture designed to lever-
age their strengths for superior performance and scalability (Deshai et al., 2020).

Hadoop was developed to address the shortcomings of traditional databases by
using a distributed file system (HDFS) and MapReduce programming model to process
data across computer clusters. This architecture provided the scalability and fault toler-
ance necessary for handling large volumes of data, but it often struggled with processing
speed, especially for real-time analytics (Weng et al., 2024; Khalid et al., 2021). Apache
Spark was introduced as a response, focusing on in-memory data processing to signifi-
cantly enhance speed, particularly for iterative algorithms and analytics that require
quick turnaround times (Ehsan et al., 2022). Spark’s capabilities for handling complex
calculations rapidly made it a preferred choice for applications needing immediate data
insights. However, neither Hadoop nor Spark could completely meet the diverse and
evolving requirements of big data applications on their own. This observation led to
the development of Hybrid systems that integrate Hadoop’s robust data management
with Spark’s rapid processing capabilities, aiming to offer a comprehensive solution that
mitigates the limitations of each system separately (Arif et al., 2024; Sugimiyanto et al.,
2020). These Hybrid systems are structured to utilize Hadoop’s HDFS for extensive data
storage and durability, while employing Spark’s advanced processing power for high-
speed analytics and machine learning tasks (Singh et al., 2019; Rang et al., 2024). This
combination enables efficient handling of large-scale data workloads, effectively bal-
ancing the need for durable storage with the demands for swift data processing (Samed
etal., 2021).

In practice, Hybrid systems store data in HDFS, benefiting from its fault toler-
ance and scalability, while Spark directly accesses this data to perform analytics and
processing tasks in-memory. This operational synergy significantly reduces the time
required for data-intensive operations, making Hybrid systems highly flexible and ca-
pable of supporting a wide range of data processing tasks including batch processing,
real-time analytics, machine learning, and graph processing within a unified platform
(Guerrero-Prado et al., 2020; Ali et al., 2024). Moreover, the hybrid approach enhances
resource utilization, reducing reliance on disk I/O and thereby alleviating one of the pri-
mary bottlenecks associated with Hadoop’s disk-based processing model (Peres et al.,
2016). Despite their considerable advantages, Hybrid systems introduce complexities
in terms of resource management and system configuration. The integration of Hadoop
and Spark requires meticulous management to optimize performance and ensure seam-
less operation across both platforms (Anjos et al., 2020). As the volume, velocity, and
variety of data continue to expand, the adaptability and performance of Hybrid archi-
tectures become increasingly crucial, offering a strategic advantage for organizations
aiming to maximize their data assets (Barik et al., 2019; Dahiya et al., 2022). Table 1
presents a comparative analysis of the big data systems.
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Table 1 — Comparative overview of big data systems.

Technology | Features Benefits Limitations

Hadoop Distributed file system Scalability, Fault tolerance Slower processing speed for real-time
(HDFS), MapReduce analytics

Spark In-memory data High-speed analytics, Suitable for | High memory demand, Complex
processing, RDDs iterative algorithms cluster management

Hybrid Combines Hadoop’s Enhanced performance and Complexity in configuration and
storage with Spark’s scalability, Efficient handling of | management
processing speed varied data workloads

Additional Various big data Operational flexibility, Advanced | Resource-intensive, Requires advanced
applications and hybrid analytics capabilities management
systems

Our Study Integrates Hadoop High performance, Scalability, Complexity in implementation and
and Spark in Hybrid Versatility management
Architecture

Note: compiled by the authors based on literature analysis (Statt M.J., et al., 2024, Kaya K., 2024; Lakshmi D., et al.,
2024; Kumar G., et al., 2024; Deshai N., et al., 2020; Yijie W., 2024, Kaya K., 2024, Lakshmi D., et al., 2024, Kumar
G, etal, 2024, Deshai N., et al., 2020; Yijie W., 2024, Madiha K., Yousaf M., 2021; Ehsan A., et al., 2022; Zeravan A.,
et al., 2024, Lakshmi D., et al., 2024, Kumar G., et al., 2024, Deshai N., et al., 2020; Yijie W., 2024, Madiha K., Yousaf’
M., 2021; Ehsan A., et al., 2022; Zeravan A., et al., 2024, Sugimiyanto S., et al., 2020; Archana S., et al., 2019; Wei R.,
etal., 2024, Al Samed, Dener M., 2021; Guerrero-Prado, et al., 2020, Mohsin A., et al., 2024; Peres Silva R., et al.,
2017; Kumar R., et al., 2019; Dahiya R., et al., 2022).

Materials and methods.

Practical Implementation of the Hybrid System.

The practical implementation of the hybrid system was orchestrated across three
strategically selected regions: the akimats of Almaty, Shymkent, and the Turkestan re-
gion. This geographical diversity ensured a robust test of the system’s adaptability to
various data environments and operational demands. Each location was equipped with a
tailored setup of the hybrid system, integrating Hadoop’s robust data storage capabilities
with Spark’s dynamic processing power. Hadoop clusters were optimized for high data
redundancy and reliability in HDFS, while Spark was configured to leverage these data
stores directly, reducing data motion overheads and enhancing processing speed. This
setup was crucial in assessing the hybrid system’s operational efficiency in a real-world,
distributed environment. For deployment, the system utilized Apache Flume and Apache
Kafka for real-time data ingestion, handling streams from social media, [oT devices, and
transaction systems. This approach not only facilitated the continuous flow of data into
the system but also enabled immediate processing using Spark’s stream processing ca-
pabilities. Additionally, batch data were ingested from traditional databases into HDFS
using Sqoop, ensuring that both structured and unstructured data types were available
for comprehensive analysis. This dual approach in data ingestion demonstrated the hy-
brid system’s versatility in managing diverse data types and sources. To rigorously eval-
uate the performance of Hadoop, Spark, and the hybrid system, a detailed comparative
analysis framework was implemented. Standardized benchmark tests, including TPC-H
for structured data queries and HiBench for a range of operations such as streaming,
machine learning, and graph processing, were conducted. Performance metrics such
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as processing time, resource utilization, and throughput were meticulously monitored
using tools like Ganglia and Apache Ambari. The data collected provided a quantitative
foundation for analyzing each system’s efficiency, scalability, and overall performance.
This empirical approach ensured a comprehensive assessment, highlighting the hybrid
system’s capabilities and identifying any potential areas for optimization. The equations
and models used in this implementation are as follows:
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Whereas R d 1s the data ingestion rate and Diin is the data ingested by source
i and Tj is the time interval.
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Where En is the efficiency of the Hybrid system, O; are the operations complet-

ed by task i, T is the total time taken and % is the data size of node , Ny s the num-
ber of nodes, CPUy, MEM, and 10y, gare the CPU, memory, and I/O utilization for process
k, Si is the overhead for system process L Trm is the transfer time for data segment

m, and Ocompn and c» are the number of operations and complexity coefficient for
computation n.

In equations (1) —(5), D; denotes the data volume ingested from source i during
time interval ¢, Oj represents the number of operations completed by task j; 7T is the
total execution time. Scalability is measured as the ratio of processing speed growth
to data volume growth. Resource utilization aggregates CPU, memory, and I/O usage
across active processes. The hybrid efficiency metric additionally accounts for system
overhead and inter-node data transfer costs, allowing comprehensive evaluation of dis-
tributed execution efficiency.

Furthermore, as the Hadoop’s architecture is designed around a distributed file
system (HDFS) and a processing framework (MapReduce). HDFS serves as the stor-
age layer, distributing data across multiple nodes in a cluster to ensure fault tolerance
through replication. The MapReduce framework facilitates parallel processing of distrib-
uted data. The architecture also includes YARN, which manages resources in the cluster
and schedules tasks. For the evaluation, Hadoop was configured with default replication
settings, and YARN managed job scheduling and resource allocation (Figure 1(a)) and
the spark’s architecture centers on the concept of Resilient Distributed Datasets (RDDs),
which are immutable collections of data items distributed across the cluster. Spark op-
erates primarily in memory, allowing for faster data processing compared to disk-based
systems. The architecture includes Spark Core for basic functionality, alongside librar-
ies like Spark SQL for structured data processing, MLIib for machine learning, Spark
Streaming for real-time data processing, and GraphX for graph processing. Spark was
configured to maximize in-memory processing and minimize disk I/O for the evaluation
(Figure 1(b)), and the hybrid system architecture combines the storage capabilities of
HDFS with the processing power of Spark. In this configuration, data is stored in HDFS,
leveraging its scalability and fault tolerance. Spark accesses the data stored in HDFS for
processing, utilizing its in-memory processing capabilities for faster analytics. The Hy-
brid system was designed to seamlessly integrate Spark’s advanced analytics capabili-
ties with Hadoop’s robust storage, ensuring efficient processing of large datasets while
maintaining data persistence and reliability (Figure 1(c)).

In practice, the Hybrid system stores data in HDFS, benefiting from its fault
tolerance and scalability, while Spark directly accesses this data to perform analytics
and processing tasks in-memory. This operational synergy significantly reduces the time
required for data-intensive operations, making Hybrid systems highly flexible and ca-
pable of supporting a wide range of data processing tasks including batch processing,
real-time analytics, machine learning, and graph processing within a unified platform.
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Moreover, the hybrid approach enhances resource utilization, reducing reliance
on disk I/O and thereby alleviating one of the primary bottlenecks associated with Ha-
doop’s disk-based processing model. Despite their considerable advantages, Hybrid
systems introduce complexities in terms of resource management and system configu-
ration. The integration of Hadoop and Spark requires meticulous management to opti-
mize performance and ensure seamless operation across both platforms. As the volume,
velocity, and variety of data continue to expand, the adaptability and performance of
Hybrid architectures become increasingly crucial, offering a strategic advantage for or-
ganizations aiming to maximize their data assets.

Experimental Setup and System Configurations.

This study utilizes a set of established benchmarks and diverse datasets to ensure
a comprehensive evaluation of Hadoop, Spark, and the Hybrid systems. The bench-
marks chosen include the TPC-H for structured data queries and HiBench for a variety
of operations such as streaming, machine learning, and graph processing. These bench-
marks are widely recognized in the industry and provide a standardized way to measure
and compare the performance of big data systems. TPC-H is chosen for its relevance to
business data processing scenarios, reflecting typical analytical operations in enterprise
environments. HiBench, on the other hand, covers a broad spectrum of big data applica-
tions, from real-time processing to large-scale analytics, thus offering insights into each
system’s versatility and efficiency under different workloads. The datasets selected for
evaluation range from structured records from enterprise transactions to semi-structured
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logs and unstructured social media data. This variety ensures that the systems’ perfor-
mance is tested against data scenarios commonly encountered in real-world applica-
tions, such as e-commerce, social analytics, and [oT sensor data streams. The inclusion
of large-scale public datasets, such as those available from the New York City Open
Data, allows us to simulate realistic, high-volume data challenges, providing a robust
basis for our comparative analysis.

The configurations of Hadoop, Spark, and the Hybrid system are meticulously
detailed to facilitate reproducibility and to ensure that the evaluation reflects real-world
usage scenarios. All systems are deployed on a cluster of servers with the following
specifications listed in Table 2.

Table 2 — Summary of experimental setup and system configurations

Component Details

Cluster Setup

Nodes Multiple nodes (servers) connected in a cluster

Hardware Each node with Intel Xeon CPUs E5-2630 v4 @ 2.20GHz, 64GB RAM, and

Specifications 10Gbps Ethernet network

Software Stack

Hadoop Setup HDEFS (Distributed File System), YARN (Resource Manager), MapReduce
(Processing Framework)

Spark Setup Spark Core, Spark SQL, Spark Streaming, MLIib, GraphX

Hybrid Setup Integration of Hadoop (HDFS) and Spark (In-memory processing)

Data Ingestion

Data Sources Structured, semi-structured, and unstructured data

Tools Apache Flume and Apache Kafka for real-time data ingestion

Data Storage HDFS for storage

Monitoring Tools

Ganglia System monitoring tool

Apache Ambari Cluster management and monitoring tool

Benchmarking

Tools

TPC-H Benchmarking tool for structured data queries

HiBench Benchmarking tool for a variety of operations such as streaming, machine

learning, and graph processing

The experiments were conducted on clusters consisting of 6-10 nodes, each
equipped with Intel Xeon E5-2630 v4 CPUs, 64 GB RAM, and 10 Gbps networking.
Dataset sizes ranged from 500 GB to 3 TB, depending on workload type. Hadoop ver-
sion 3.2 and Spark version 3.1 were used, with default HDFS replication factor set to
three. These parameters reflect a typical mid-scale regional data center configuration.

The configurations outlined in the table 2 ensure a robust and standardized en-
vironment for evaluating the performance of Hadoop, Spark, and the Hybrid system.
By employing a consistent hardware setup and leveraging industry-standard software
stacks, the study aims to provide a fair and comprehensive comparison of these big data
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processing frameworks. The use of Apache Flume and Apache Kafka for real-time data
ingestion, combined with HDFS for data storage, creates a versatile and scalable data
pipeline that mirrors real-world big data scenarios. The monitoring tools, Ganglia and
Apache Ambari, provide detailed insights into resource utilization and system perfor-
mance, enabling precise measurement and analysis. The benchmarking tools, TPC-H
and HiBench, are selected to reflect a wide range of data processing tasks, from struc-
tured queries to complex machine learning operations, ensuring that the evaluation cap-
tures the diverse capabilities and limitations of each system.

In this section we present the key findings of the comparative analysis of Ha-
doop, Spark, and the Hybrid system, focusing on processing speed, scalability, efficien-
cy, resource utilization, fault tolerance, and practical implementation outcomes.

Processing speed comparison

Hadoop delivered stable batch processing but struggled with latency in real-time
tasks due to its disk-based model. Spark excelled in real-time analytics and iterative
machine learning due to in-memory caching. The Hybrid system outperformed both,
combining Hadoop’s storage with Spark’s speed—especially in multi-step workflows—
delivering the fastest and most balanced performance across all tasks (Figure 2).

Table 3 — Summary of performance results for processing speed (TPC-H and

HiBench workloads)
System Avg. execution time (s) Std. deviation (s) Relative speedup (vs Hadoop)
Hadoop 1200 45 1x(baseline)
Spark 740 +38 1.62x
Hybrid 690 +32 1.74x

Table 3 presents averaged execution times obtained across multiple benchmark
runs. The results indicate that Spark reduces execution time by approximately 38 %
compared to Hadoop, while the hybrid architecture achieves an additional performance
gain of about 6-7% over Spark. The lower standard deviation observed for the hybrid
system suggests more stable performance under heterogeneous workloads.

Processing speed comparison
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Fig. 2. Processing speed comparison
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Scalability

Hadoop scaled reliably thanks to its distributed architecture. Spark scaled well
when sufficient memory was available, though performance declined with large datasets.
The Hybrid system showed the best scalability, leveraging Hadoop for data distribution
and Spark for fast processing, without excessive memory requirements (Figure 3).

Scalability Performance Comparison
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Fig. 3. Scalability performance comparison
Efficiency

Hadoop was efficient for large, evenly distributed datasets but less suitable for
real-time demands. Spark was highly efficient for rapid analytics but limited by memo-
ry. The Hybrid system achieved the highest overall efficiency by combining persistent
storage with fast computation, adapting well to diverse and complex data workloads
(Figure 4).

Efficiency Comparison
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Fig. 4. Efficiency comparison of hadoop, spark, and hybrid system

Resource Utilization
Hadoop maintained stable CPU usage but suffered from high I/O overhead.
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Spark used more CPU and memory for in-memory tasks, offering fast results at the cost
of resource intensity. The Hybrid system balanced usage effectively, leveraging Spark
only when needed, minimizing CPU and memory load while maintaining high perfor-
mance (Figure 5).

Resource Utilization (CPU and Memory) during
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Fig. 5. Resource utilization (CPU and memory) during benchmarking tasks

Fault Tolerance

Hadoop ensured resilience through HDFS replication, though recovery was slow
with large datasets. Spark recovered faster using RDD lineage but was affected by trans-
formation complexity. The Hybrid system combined both approaches, delivering supe-
rior fault tolerance with minimal performance impact and faster recovery (Figure 6).

Fault Tolerance Capabilities and Recovery Times
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Fig. 6. Fault tolerance capabilities and recovery times

Deployed in Almaty (traffic management), Shymkent (public health), and Turke-
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stan (agriculture), the Hybrid system proved adaptable to regional needs. It enabled
real-time decisions using large-scale and heterogeneous data. Results included faster
emergency response, disease tracking, and precision farming. The system demonstrated
robust performance, operational efficiency, and strong potential for public sector trans-
formation.

Results and discussion.

The study’s findings provide a detailed comparison of Hadoop, Spark, and the
Hybrid system, each demonstrating unique strengths and weaknesses across various
big data processing scenarios. Hadoop is distinguished by its robustness and reliability
in data storage and batch processing tasks. Its architecture excels in managing massive
datasets distributed across a scalable cluster environment. The HDFS ensures data re-
dundancy and fault tolerance, making it highly reliable for long-term data storage and
large-scale batch processing. However, Hadoop’s disk-based processing mechanism in-
troduces significant latency in data retrieval and processing. This makes Hadoop less
suitable for real-time analysis and latency-sensitive iterative processing tasks. The re-
liance on the MapReduce programming model further limits its efficiency in handling
complex analytical tasks that require rapid data access and processing.

Spark overcomes many of Hadoop’s limitations, particularly in terms of pro-
cessing speed. Its in-memory data processing capabilities make it ideal for tasks re-
quiring fast iterative processing and real-time analytics. Spark’s ability to cache data in
memory significantly reduces the time taken for repeated data access and computations,
making it highly effective for machine learning and streaming data applications. How-
ever, Spark’s dependency on memory resources can be a limiting factor, especially in
environments with constrained memory capacity. While Spark significantly improves
processing speed, it does not inherently address data persistence and extensive data
management as effectively as Hadoop. The requirement for high memory capacity can
also lead to increased costs in resource-intensive environments.

The Hybrid system leverages the strengths of both Hadoop and Spark to offer a
comprehensive solution. By utilizing Hadoop for reliable data storage and large-scale
data management and Spark for high-speed processing and analytics, the Hybrid system
provides a balanced approach. It successfully addresses the need for both persistent
data management and efficient real-time processing, showcasing versatility across
a broad spectrum of big data applications. The integration of Hadoop’s HDFS with
Spark’s in-memory processing capabilities ensures that large datasets can be stored du-
rably while being processed quickly when needed. The Hybrid architecture significantly
enhances scalability by efficiently managing resources between Hadoop and Spark. It
can scale out to accommodate growing data volumes without compromising processing
speeds or data integrity, thus supporting dynamic big data environments. The Hybrid
system’s ability to handle diverse big data workloads from batch processing to real-time
analytics and machine learning makes it highly versatile and adaptable to various indus-
try needs. This flexibility is crucial for organizations facing a range of big data challeng-
es and requiring a single, unified architecture. By optimizing resource utilization using
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Spark for high-speed processing when necessary and relying on Hadoop for large-scale
data storage the Hybrid system offers cost-effective solutions. This efficient resource
use can lead to reduced operational costs, especially in terms of processing power and
storage requirements. Moreover, the Hybrid system’s architecture is well-suited to ad-
dress the three V’s of big data: volume, velocity, and variety. Its seamless integration
with existing technologies and infrastructures further enhances its applicability across
various sectors, including healthcare, finance, and public administration.

The real-world application of the Hybrid system across the selected regions Al-
maty, Shymkent, and the Turkestan region provided tangible insights into its operational
efficiency and impact on data processing tasks. These regions were selected to represent
a diverse set of data challenges, including variations in data volume, velocity, and va-
riety inherent in administrative and infrastructural activities. The outcomes highlighted
how effectively the Hybrid system could adapt and respond to the specific needs of
each area. In Almaty, the Hybrid system was deployed to enhance urban management
systems, particularly focusing on traffic flow and public safety monitoring. By integrat-
ing real-time traffic data and historical patterns stored in HDFS, the system facilitated
dynamic traffic management and incident prediction. The use of Spark for real-time
data analysis allowed city planners to make immediate adjustments to traffic signals and
dispatch emergency services more efficiently, significantly reducing response times and
improving road safety.

Limitations and Practical Implications.

Despite its advantages, the hybrid architecture introduces additional complexity
related to deployment, configuration, and system maintenance. Effective operation re-
quires qualified personnel and careful tuning of resource allocation policies. Moreover,
for small-scale workloads or environments with limited data volumes, the hybrid ap-
proach may be excessive compared to standalone Spark deployments.

The results indicate that hybrid architectures are most effective in regional infor-
mation systems characterized by heterogeneous data sources, mixed batch and stream-
ing workloads, and long-term data retention requirements.

Conclusion.

There are clear advantages and disadvantages with Hadoop, Spark, and the Hy-
brid system when it comes to processing substantial amounts of data. Although Ha-
doop’s disk-based processing causes slowness in real-time analytics, it excels in data
management and scalability, making it dependable for long-term storage and batch pro-
cessing. Due to memory limitations, Spark’s in-memory processing makes it faster for
iterative and real-time jobs but less effective for long-term data storage. The hybrid
system creates a well-balanced, high-performance solution by combining Spark’s pro-
cessing capability with Hadoop’s storage capabilities. Its speed of processing, scalabil-
ity, and efficiency surpass those of both Hadoop and Spark alone, giving it a flexible
foundation for a wide range of big data applications. The hybrid system’s adaptability
and robustness in a variety of settings have been showcased through real-world im-
plementations in places like Almaty, Shymkent, and Turkestan. These implementations
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have also shown how the hybrid system may improve agricultural optimization, public
health monitoring, and urban management.
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