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Abstract. This article analyzes the main problems of computational complexity
encountered in Big Data technologies and explores algorithmic solutions aimed at reducing
them effectively. The study highlights challenges associated with the exponential growth of
data volume, including the scarcity of time and memory resources, as well as issues related
to parallel data processing and the use of distributed computing systems. Furthermore, the
advantages of the MapReduce, Spark, and Approximation algorithms in mitigating
computational complexity are examined through practical examples.
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MPOBJIEMA BBIYMCJIUTEJIBHOMN CJIOKHOCTHU B AHAJIM3E BIG DATA
U AJITOPUTMUYECKUE MOAXO/bI K EE CHUKEHUIO

AHHOTAMA. B Oaunnol cmambe paAccMampuéaromcss OCHOBHble  NpPoOaeMbl
BLIYUCTUMENLHOU CJLONCHOCMU, 803HUKAIOWUe NPU UCNOb308aHUU mexHoao2ull Big Data, u
AHATUBUPYIOMCSL  AI2OPUMMUYECKUE peuleHUs, HANpaeienHvle Ha ux 3@@exmusrnoe
cHudicenue. B pabome oceewiaromesi mpyoHoCcmu, CE3aHHbLE C IKCHOHEHYUATbHBIM POCHIOM
00bEMA OAHHBIX, 8 YACMHOCU, HEXBAMKA 8PEMEHHbIX U NAMSIMbHLIX PECypco8, a Maxice
BONPOCHL  NAPANNEIbHOU — 00pabOmKu  OAHHbIX U NPUMEHEHUs.  PACHPEOeEéHHbIX
sbluucaumenvHolx  cucmem. Kpome moeo, ma ocHoée NpaAKMuU4ecKux npumepos
npoananuzuposanvl npeumyuecmea areopummos MapReduce, Spark u Approximation 6
VMEHbULEHUU SbIYUCTUMETIbHOU CLONCHOCHI.

KiaroueBble ciaoBa: Big Data, evluuciumenvuas CrOdCHOCMb, aAN20PUMMUYLECKUL
nooxoo, MapReduce, Spark, napannenvnvie sbluucienus, anaiuz OaGHHLIX.

Introduction. Over the past decade, the volume of data generated across all spheres of
human activity has grown dramatically. The amount of digital information produced by
social networks, healthcare systems, banking infrastructures, e-commerce platforms,
education, and industrial processes has expanded from terabytes to petabytes. Under these
conditions, the field of Big Data — the analysis and management of large-scale datasets has
emerged as a critical discipline.

The main challenge in working with large datasets is computational complexity, which
manifests in the rapid growth of algorithm execution time, memory consumptlom\w/ 2
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network resource requirements. Consequently, the development of efficient and high-
performance algorithms has become one of the most important directions in modern
information technology.

With the rapid advancement of digital technologies, the volume of data produced by
humanity continues to grow exponentially. According to a report by the International Data
Corporation (IDC), the total volume of digital data created worldwide is expected to reach
175 zettabytes by 2025[2]. A study by the McKinsey Global Institute highlights that Big
Data technologies can increase efficiency in industry, finance, and healthcare by up to
60%][1].

As more large-scale datasets are analyzed, computational processes become increasingly
complex. As data volumes expand, algorithm execution time, memory usage, and network
traffic tend to grow exponentially [3]. Therefore, developing algorithmic approaches that
ensure fast and efficient processing in Big Data systems remains one of the most pressing
challenges in contemporary computer science.

This article examines computational complexity issues in Big Data analytics and
explores modern algorithmic solutions to mitigate them, including MapReduce, Spark,
approximation methods, and streaming algorithms, as well as their practical effectiveness.
In addition, the role of approximation algorithms and artificial-intelligence-based
approaches in reducing computational complexity is analyzed.

Literature Review. In recent years, research in the field of Big Data has primarily
focused on improving computational efficiency and enabling real-time data processing. For
instance, the MapReduce model proposed by Dean and Ghemawat (2008) provided the
foundation for efficient large-scale data processing in distributed systems.

The classical conceptual framework for Big Data analytics is the 3V model: Volume,
Velocity, and Variety, which characterizes large-scale, high-speed, and heterogeneous data
[1]. Accordingly, the continuous growth of data volumes directly affects computational
efficiency [2].

The MapReduce model introduced in 2004 by Google engineers Jeffrey Dean and
Sanjay Ghemawat [4] enabled distributed and parallel processing of data across clusters. In
this approach, the Map phase divides and processes data in smaller fragments, whereas the
Reduce phase aggregates the results. A key advantage of MapReduce is its ability to operate
across thousands of servers simultaneously, significantly reducing computational
complexity [4].

However, the MapReduce model is known to perform poorly in iterative computations.
To overcome these limitations, Apache Spark, developed by Matei Zaharia and colleagues
[5], was introduced. Spark is based on the principle of in-memory computation, which
significantly reduces input/output operations. According to empirical results, Spark can
deliver outcomes up to ten times faster than MapReduce [5].

Approximation-based approaches trade a small degree of accuracy for substantial
Improvements in computational efficiency when working with large datasets. Ll and \f/
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developed the Approximate Query Processing method to accelerate database queries,
demonstrating that it can outperform full-query execution by a factor of 5 to 50. Shuai Ma
and Jinpeng Huai [7] likewise showed that “when the time required to compute an optimal
solution becomes excessively large, approximate solutions are practically justified.”

In addition, streaming algorithms enable continuous real-time processing of incoming
data. Twitter engineers developed the Storm@Twitter system capable of analyzing millions
of messages per second [8]. This technology is now widely used for real-time analytics in
finance, healthcare, and security domains.

In recent years, the combined use of approximation methods and machine learning
techniques has produced highly effective results. Chen, Zhang, and Li [9] demonstrated that
integrating approximation algorithms with deep neural networks can reduce computational
complexity by 35-40% when processing large datasets. Thus, existing research indicates
that the most effective approach to reducing computational complexity in Big Data analytics
lies in the integration of parallel computation, approximation techniques, and intelligent
algorithmic methods [9].

Research in this field is also being conducted by scholars in Uzbekistan. Studies
examining “Big Data analytics in the digital economy” contribute to expanding the practical
applications of Big Data technologies.

In Big Data systems, computational complexity typically manifests in the following
dimensions:

1. Time complexity — the execution time of algorithms increases exponentially as data
volume grows.

2. Space complexity — the memory required to store and process large datasets expands
significantly.

3. Network complexity — distributed systems experience bottlenecks in data
transmission speed and synchronization.

4. Energy complexity — the growing power consumption of data centers generates
economic and environmental challenges.

Therefore, algorithmic optimization is essential for addressing these issues in modern
computational systems.

To reduce computational complexity, the following algorithmic approaches are
commonly employed:

1. Parallel Computing

Data is distributed across multiple processors and processed simultaneously. This
approach serves as the core mechanism in systems such as Spark and Hadoop.

2. MapReduce Model

In the Map phase, data is divided into smaller fragments and processed independently,
while the Reduce phase aggregates the results. This approach can reduce complexity from
O(n log n) to O(log n).

3. Approximation Algorithms \\/
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These methods reduce time and memory consumption by generating estimates that are
not fully exact but retain high accuracy. Examples include sampling and sketching
techniques.

4. Streaming Algorithms

Data is analyzed in continuous flow, in real time. This approach is widely applied in
healthcare, finance, and security.

5. Machine-Learning-Based Optimization

Using artificial intelligence to automatically enhance the efficiency of algorithms has
become one of the most promising directions in recent years.

Results and Discussion. The conducted analysis demonstrates that the most effective
strategy for reducing computational complexity in Big Data analytics is a hybrid approach,
combining parallel computing, approximation techniques, and machine learning methods.

For instance, applying approximation algorithms within the Spark environment can
increase processing speed by a factor of 3 to 5. Moreover, real-time data stream analysis
enables the development of real-time monitoring systems.

Conclusion. The problem of computational complexity has always been a central issue
in Big Data. With the rapid growth in data volume, traditional algorithms can no longer
deliver sufficient performance. Therefore, it is necessary to adopt parallel and distributed
computing techniques, approximation approaches, and artificial-intelligence-based
algorithms.

Future research in this field is expected to contribute not only to technical efficiency but
also to economic and environmental sustainability.
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