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Abstract: In the highly technologically advanced and digitally transformative era where several new technologies are emerging and
creating enormous amounts of data, big data is growing faster. A vast amount of digital data has been generated by several electronic
devices, including smart phones, computers, sensors, smart kitchens, and domestic appliances, leading to a global shift in the acceptability
of the internet. The data in each domain grew over the time period. Big data analytics may help different domain like banking, Finance,
business and medical, but it takes exceptional skills to find a meaningful pattern in these data. From everyday transactions to consumer
interactions and social network data, decision makers should be able to extract valuable information from such vast and rapidly evolving
data. This huge volume of data is very complex and unclean which makes it difficult to analyze and extract meaningful information. The
main problem for machine learning algorithms is this unbalanced and disorganized data. Our goal is to conduct a comprehensive analysis
of various tools, methods, and machine learning classification algorithms for big data, evaluating them on the basis of cleanliness and big
data complexity reduction. In addition, it examines recent developments and suggests a methodology to improve algorithmic efficiency
and data preprocessing to address the complexities of real-world datasets.
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data, a machine learning (ML) technique uses a variety of
algorithms to learn prediction rules from historical data

1. Introduction

In today’s technologically advanced era, many new
technologies are being developed and generating enormous
amounts of data. Every aspect of contemporary civilization
contributes to the enormous velocity of these data, which
accelerates the big data. Due to the increasing global adoption
of the internet, a huge volume of digital data has been
produced by several electronic devices, including smart
phones, computers, sensors, smart kitchens, and household
gadgets. The data in each domain grew over the time period.
Big data analytics can help industries like banks, credit cards,
and medical, but it takes exceptional ability to find a valuable
pattern in these data. The utilization of contemporary
technologies releases vast amounts of data that are beneficial
for numerous businesses. These massive amounts of
historical transactional data that are produced as byproducts
from various domains can be used for a variety of decision-
making purposes, but only if they are correctly processed and
used. It is necessary to modify the traditional, outdated
methods of doing data analysis in order to incorporate big
data. New techniques and technology are therefore urgently
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needed for data analytics in every field.

Figure 1 illustrates how data is fundamental to both data
science and data mining. Data mining is a method for drawing
out knowledge and important patterns from huge volume of
data. Depending on the type of data, the pattern that was
extracted from the enormous amount of data is useful for a
variety of applications, including market research, fraud
detection, disease diagnosis, customer retention, science
investigation, etc. To extract pertinent information from the
vast amount of data, data mining employs a machine learning
algorithm. In order to create a model that can forecast future

Figure 1: Role of data mining in data science

The process of altering a dataset by either over sampling or
under sampling is known as sampling. In order to obtain a
normal distribution for a dataset, under sampling decreases
the majority class and oversampling increases the minority
class. However, both sampling techniques have a number of
drawbacks. For example, under sampling can lead to
information loss, while over sampling can result in poor
performance for high-dimensional datasets and an additional
over fitting issue, which presents another difficulty for
machine learning algorithms.
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Machine Learning algorithms need very large set of clean
data as a pre-requisite for training purpose but almost every
dataset when gathered from different sources is unclean.
Messy data and data imbalance is a real challenge for ML
algorithms and should be taken care off during data
preprocessing stages. Several solution is present for
considering both the issues with certain limitations but there
is a need of single solution capable of solving two major
dataset complexity at a time for saving lots of effort and
time - a technique capable of (a) cleaning the dataset (b)
while balancing it. Therefore, in order to fulfill the need
intension here is to design a technique capable of removing
redundancy and outliers from a majority sample of a dataset,
which cleans and at the same time reduces it and then
increasing minority sample for balancing the dataset.

Messy data and data imbalance are the real challenges for ML
algorithms and should be taken care off during data pre-
processing stages. Big data complexity has received a lot of
attention over the past decade.

2. Big Data: An Introduction

The data management in big data by 3 V’s : volume, velocity
and variety as shown in fig 2. He designed these three V’s on
the basis of his observation of significant change in the
volume of data. In Laney’s 3 V’s, volume means massive
quantity of data, velocity means increasing rate at which data
is generated and variety means various format of data
gathering from a diverse source [(Laney 2001)].

Volume
Big Data
|
;‘\/ |
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Figure 2: Schematic diagram of three Vs of the Big data

Later, more number of V’s have been added to the big data
such as veracity [(Uddin and Gupta 2014),(Demchenko, De
Laat et al. 2014),(Jin, Wah et al. 2015)], value [(Uddin and
Gupta 2014),(Demchenko, De Laat et al. 2014),(Jin, Wah et
al.  2015)], wvalidity [(Uddin and Gupta 2014)],
variability[(Demchenko, De Laat et al. 2014)][(Philip Chen
and Zhang 2014)], volatility [(Uddin and Gupta 2014)] and
virtual [(Uddin and Gupta 2014)]. These different proposed
V’s have created lots of controversy and mystification among
the V’s of big data.

The term "big data" describes the collection of tools, methods,
and technologies that can efficiently handle data of any size.
The discipline of data processing has developed as a result of
growing memory capacities and sophisticated storage
technologies, increased processing capacity of modern
computers, and the availability of vast amounts of data. Large
volumes of data may now be managed, controlled, processed,

and analyzed like never before because to modern hardware
and software technology.

A flood of data is being produced as an outcome of the
expansion of the Internet, social media technology, gadgets,
and applications. Patterns, trends, and relationships pertaining
to human behavior and interaction can be found by gathering,
analyzing, and correlating data sets with incredibly vast
dimensions. Utilizing big data helps to enhance operational
efficiency, save costs and risks, create more focused
marketing efforts, and gain a deeper understanding of
consumer behavior. International Data Corporation (IDC), a
global provider of market intelligence and information
technology advisory services, estimates that the global big
data and analytics market will surge in times to come
[(Press 2014)]. As aresult of this wealth of information,
businesses face the challenge of determining how to best
utilize it.

The representation and quality of data is very important for
machine learning algorithms. Knowledge extraction becomes
difficult during the training phase if the data is irrelevant,
redundant or noisy. Therefore pre -processing of data is very
important but on the contrary, it is very time consuming. Pre-
processing of data include data cleaning, normalization,
transformation, feature extraction and selection, etc. Machine
learning algorithms can be applied on clean training data set
which is the output of data pre-processing. Data pre-
processing enhances the performance of machine learning
algorithms but preprocessing is the very much time
consuming approach [(Dridi 2021)].

Since data is always being generated and we are inundated
with it, today's big data might not be big tomorrow. Instead,
it needs to be harnessed and analysed to reveal fresh
insights. As a result, old-fashioned data processing tools that
cannot handle huge data will eventually be rendered useless.

Big data's enormous sample size and high dimensionality
provide unique computational and statistical problems, such
as scalability and storage constraints, noise accumulation,
false correlation, unexpected heterogeneity, and measurement
mistakes. These could lead to inaccurate statistical
conclusions, which could subsequently produce inaccurate
scientific results. [(Fan, Han et al. 2014)].

The big data era has entered a new phase. Better analysis of
the increasing volumes of data could lead to faster
advancements in a number of scientific sectors and boost the
profitability and success of many enterprises. However, a
number of technological challenges need to be addressed
before this promise can be fully realized. Addressing these
technological issues in the context of a single domain would
not be cost-effective because they are common across a
variety of application domains. Furthermore, these issues will
not be automatically addressed by the next generation of
industrial products; rather, they will require revolutionary
solutions. [(Khalil, Kim et al. 2020)].

3. Machine Learning: A Brief Introduction.

The basics of machine learning, its history, the various
applications of ML techniques, and advanced machine
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learning techniques recently presented are all covered in this
part. The field of big data Processing is in dire need of ML-
based problem solving.

3.1 Machine Learning Techniques: Classifications & Use

In the field of computing, the concept of machine learning is
not new, but because of the constantly shifting demands of
the modern world, it has taken on an entirely new 'Avatar'.
Everyone is now discussing ML-based solution ideas for a
certain issue set. In machine learning (ML), computer
algorithms are used to automatically learn from data and
information. More digital information is being produced as a
result of the internet's growth, which indicates there is more
data for machines to evaluate and "learn" from [(Bhatnagar
2018)]. As a result, machine learning is once again becoming
popular. Thanks to machine learning algorithms because of
which computers can now interact with people, drive
themselves, write and post reports on sporting events, and
even identify potential terrorists. The fastest-growing area in
computer science is machine learning (ML) [(Pugliese,
Regondi et al. 2021)].

Some of the widely wused machine learning
techniques/methods include classification [(Dridi 2021)],
regression [(Salihoun 2020)], topic modelling [(Bharadiya
2023),(Dietrich, Heller et al. 2015)], time series analysis

[(Dietrich, Heller et al. 2015)], cluster analysis [(Dietrich,
Heller et al. 2015), (Naeem, Jamal et al. 2022)], association
rules [(Salihoun 2020)], (Dietrich, Heller et al. 2015)],
collaborative filtering [(AL WAILI 2023) ,(Ryzko
2020),(Wu, Wu et al. 2023)], and dimensionality reduction
[(Vurgaft 2023), (Rodionova, Kucheryavskiy et al.
2021)]. Based on the current patterns and correlations
among the data in the given dataset, they are used to do
analytics and forecast future trends.

In Fig 3, compare three ML subdomains from various angles
and describe the ML techniques for data processing.
Supervised  learning, unsupervised learning, and
reinforcement learning are the three primary subfields of
machine learning (ML). By using labeled data to train models,
supervised learning enables them to forecast results in
response to novel inputs. Conversely, unsupervised learning
focuses on clustering or dimensionality reduction and works
with finding patterns or groupings in data without specified
labels. By using rewards or penalties to educate agents to
make decisions, reinforcement learning focuses on helping
them gradually learn the best course of action. By making
sure the data is ready for training, data normalization, feature
extraction, and data augmentation are three methods for data
processing in machine learning that are crucial for increasing
model accuracy and generalization (Qiu, Wu et al. 2016).
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Figure 3: Comparison of Machine Learning Technology

To apply machine learning (ML) to big data, big data
processing frameworks such as Apache Spark offer machine
learning features and components. The various components
of Apache Spark, a broad data processing structure, are used
by researchers worldwide for a variety of reasons [(Sutton
1988)]. MLIib is the name of Spark's machine learning (ML)
library. Its goal is to make actual machine learning simple and
sustainable. Apache Flink is an open-source stream
processing framework designed for networked, efficient,
always-available, and precise information streaming systems.

4. Big Data
Learning:
Opportunities

Processing Using Machine
Issues, Challenges and

Managing this "messy" The quick rise in the "3 Vs" of big
data i.e volume, velocity, and variety of data, present special
difficulties that traditional data processing techniques cannot
handle [(Laney 2001), (Uddin and Gupta 2014),(Bansal,
Chana et al. 2020)]. Machine learning (ML) has become a
crucial tool for managing these complexity as a result of the
development of sophisticated technologies. Big data
frequently includes massive datasets that are impossible to
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process with conventional tools, necessitating the
development of new techniques to effectively extract valuable
information [(Fan, Han et al. 2014), (Salihoun 2020), (Shafiq,
Tian et al. 2020)]. However, integrating ML with big data
processing is not without its hurdles. Data quality, scalability,
algorithmic efficiency, and the requirement to manage
disparate data sources are the main concerns [(Bhatnagar
2018), (Ryzko 2020), (Najafabadi, Villanustre et al. 2015),
(Rathore, Shah et al. 2021, Kumar, Sharma et al. 2022)].
Because noisy or redundant data can have a major impact on
model performance, researchers have shown that data
purification is essential before implementing ML algorithms.
data to maintain dataset balance is still a crucial component
of big data analytics [(Dridi 2021), (Han, Huang et al. 2017),
(Devi and Sabrigiriraj 2018)] .

4.1 Data Quality and Preprocessing Challenges

The preprocessing phase is one of the main obstacles. Steps
like resolving missing values, removing outliers, and
normalizing datasets are all part of data preparation and
cleaning. These problems might result in inaccurate analysis,
erroneous insights, and subpar model predictions if they are
not properly resolved. These problems can be successfully
mitigated by hybrid approaches that combine machine
learning-based models with conventional data pretreatment
techniques [(Dridi 2021), (Dietrich, Heller et al. 2015)].
Researchers can greatly enhance the quality of the processed
datasets and increase the overall performance of downstream
machine le arning applications by creating adaptive models
that can learn from the discrepancies in the data [(Alhenawi,
Al-Sayyed et al. 2022), (Liu, Kitouni et al. 2022),(Raj,
Shobana et al. 2020)]. Efficiency is further increased and less
manual intervention is required when preprocessing chores
can be automated utilizing cutting-edge methods like deep
learning and unsupervised learning [(Sarker 2021)].

In order to address the particular difficulties posed by big
data, recent developments have created hybrid approaches
that combine increasingly complex ML-based solutions with
conventional data pretreatment techniques [(Nti, Quarcoo et
al. 2022), (Al-Marghilani 2022),(Rahmani, Yousefpoor et al.
2021)]. During data preprocessing, noise and outliers, for
example, pose major challenges. To overcome them, a variety
of techniques have been developed, ranging from basic
statistical filtering to sophisticated machine learning models
that can dynamically identify and reject irrelevant data
[(Keswani, Vijay et al. 2020), (Chen, Zobel et al. 2023), (Cao,
Yan et al. 2023)]. However, despite these developments,
issues related to data scalability, heterogeneity, and real-time
processing continue to pose challenges for practitioners
[(Bhatnagar 2018), (Almutiri, Alhabeeb et al. 2022), (Luengo,
Garcia-Gil et al. 2020), Zhang & Yang, 2023]. For example,
managing data from diverse sources, such as text, images, and
videos, requires ML models that can adapt to varying formats
without losing efficiency or accuracy. This adaptability is still
underdeveloped in many existing systems, which struggle to
scale effectively as data size increases [(Bharadiya 2023),
(Dietrich, Heller et al. 2015)].

4.2 Scalability and Distributed Frameworks

Using distributed computing frameworks like Hadoop and
Apache Spark, which enable the effective management of
massive datasets, is one of the most exciting opportunities in
big data processing [8, 16,(Ketu, Mishra et al. 2020)]. By
parallelizing the calculation process, these frameworks can
expedite machine learning model deployment and training.
These frameworks are made to manage the "volume"
component of big data by dividing up the work across several
computers so that they can work on different sections of the
data at the same time. But even though this technique can
drastically cut down on processing time, the intricacy of these
systems necessitates careful management to avoid problems
like scalability limitations, data bottlenecks, and node failures
[(Salihoun 2020), (Ryzko 2020), (Vurgaft 2023)]. It has also
been investigated to integrate distributed frameworks with
cloud services, allowing for dynamic resource allocation that
can improve system resilience even more [(Ali 2023)].

The use of cloud-based systems, such Google Cloud Platform
(GCP), Amazon Web Services (AWS), and Microsoft Azure,
to implement machine learning models for Big Data
processing has gained more attention in recent years. Large
data volumes can be handled more easily with these
platforms' scalable architecture, which eliminates the need for
infrastructure administration [(Naeem, Jamal et al. 2022),
(Wu, Wu et al. 2023), (Noman 2024)]. Research has indicated
that the integration of cloud-based solutions with distributed
frameworks can result in notable cost reductions and
enhanced processing speeds. Furthermore, these platforms
include a range of tools for model training, data
preprocessing, and deployment, which facilitates the
implementation of end-to-end solutions by businesses with
minimal costs [(Gupta and Sharma 2023)].

4.3 Feature Selection and Dimensionality Reduction

The feature selection procedure presents yet another
important obstacle. Because big data frequently consists of
both structured and unstructured data, it can be challenging to
determine which properties are pertinent for study [(Pugliese,
Regondi et al. 2021), (Schneckenreither 2020)]. Efficient
feature selection increases processing efficiency in addition
to model correctness. According to recent research, feature
extraction and unsupervised learning approaches can be used
to increase data representation and ML algorithm
performance [(Tang, Lin et al. 2022), (Pérez Pupo, Pifiero
Pérez et al. 2020), (Devulapalli, Potti et al. 2023)]. The speed
and accuracy of machine learning algorithms are directly
impacted by the reduction of data dimensionality, which is
largely achieved by feature selection. But choosing the most
significant features is a difficult undertaking, particularly
when working with high-dimensional data sets [(Chong,
Khaw et al. 2023)].

In feature selection challenges, new methods such as AutoML
and neural architecture search (NAS) have begun to gain
popularity. Without requiring extensive manual involvement,
autoML platforms provide optimal feature selection by
automatically exploring various configurations of ML models
and feature sets. In big data applications, where the feature
space can be daunting, this can be especially helpful. In order
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to improve generalization and performance across a variety of
datasets, researchers are now investigating the possibilities of
unsupervised feature learning techniques, in which models
are trained to identify patterns and choose features without
explicit supervision [ (Zhou, Jin et al. 2021);(Nguyen,
Nguyen et al. 2023)].

4.4 Real-Time Processing and Edge Computing

In many businesses, real-time data processing has become
essential, especially when quick decisions are needed. For
example, real-time data processing can result in notable
enhancements in service quality and operational efficiency in
the domains of finance, healthcare, and autonomous systems
[(Algahtani, Changalasetty et al. 2023), (Can, Yavuz et al.
2020)]. Recent advancements in edge computing have made
it possible to process data closer to the source, reducing
latency and bandwidth usage [[DHAMELIYA, PATEL et al.
2024)]. Machine learning and edge computing work together
to install lightweight models on IoT sensors, smartphones,
and embedded systems, delivering real-time analytics and
insights right at the data source [ (Alhenawi, Al-Sayyed et al.
2022)].

A hybrid approach is made possible by the integration of edge
computing and cloud infrastructure, where more complex
analyses are carried out in the cloud while crucial data
processing takes place on the edge. It has been demonstrated
that this hybrid method improves the overall effectiveness of
ML models, particularly in situations involving streaming or
highly velocityd data. Businesses are using edge-based
machine learning to create real-time monitoring systems for
predictive maintenance, industrial automation, and even real-
time customer interaction in retail settings [28, 53]. However,
as edge devices frequently have constrained memory and
processing capability, creating models that function well on
them necessitates careful optimization [(Devi and Sabrigiriraj
2018)].

4.5 Applications Across Various Sectors

Notwithstanding these difficulties, there are a ton of
opportunities in a variety of industries when machine learning
is included into big data processing. Businesses in a variety
of sectors, including healthcare and finance, have used
machine learning (ML) techniques to extract valuable insights
from massive datasets, enhancing operational efficiency and
decision-making [(Demchenko, De Laat et al. 2014),
(Alghunaim and Al-Baity 2019)]. Healthcare systems, for
example, use machine learning algorithms to evaluate patient
data, forecast disecase outbreaks, and enhance treatment
regimens [(Wu, Wu et al. 2023), (Tahmassebi, Gandomi et al.
2017)]. By examining trends in genetic data, patient histories,
and medical imaging, machine learning models can help with
early diagnosis, which could result in better results and earlier
therapies [(Nguyen, Nguyen et al. 2023)].

These models are also used in the finance sector for consumer
behavior analysis, risk assessment, and fraud detection.
Businesses may act on information in real time and gain a
competitive edge by processing and analyzing enormous
amounts of data quickly. Big data is used by financial
organizations to identify transaction irregularities, forecast

market trends, and improve client experiences by making
tailored suggestions [(Gupta and Sharma 2023)].
Furthermore, machine learning models are used in the
manufacturing industry for quality control, supply chain
optimization, and predictive maintenance, which lowers
downtime and saves money [(Zeng and Ge 2020), (Lu 2020),
(Chen, Zobel et al. 2023)].

Big data and machine learning are being utilized in
environmental research to evaluate the effects of human
activity on ecosystems, forecast natural disasters, and study
climate data [(Schneckenreither 2020)]. In order to monitor
deforestation, ocean temperatures, and air quality and help
guide decisions, researchers can now examine vast amounts
of sensor data and satellite pictures. Additionally,
investigating novel hybrid techniques that integrate the
advantages of many machine learning methodologies may
provide more thorough answers to current problems.
Furthermore, coordinating the use of machine learning (ML)
in big data with international projects like the Sustainable
Development Goals (SDGs) of the UN could promote more
socially conscious and sustainable inventions, improving the
globe [(Lemarchand, McKeever et al. 2022)].

4.6 Research Opportunities

In summary, while machine learning and big data are both
effective techniques in and of itself, their combination is
essential to the advancement of contemporary data analytics.
Unlocking big data's full potential will require addressing the
issues of processing efficiency, scalability, and data quality
[(Dridi 2021), (Nti, Quarcoo et al. 2022),(Devulapalli, Potti
et al. 2023)]. Managing the size and complexity of
contemporary datasets requires the development of
increasingly complex preprocessing methods in conjunction
with distributed computing frameworks.

The techniques and resources for processing large amounts of
data will also change as technology does, creating new
avenues for development and innovation. Future systems that
make use of artificial intelligence (Al), cloud-based solutions,
and other cutting-edge technologies like blockchain and
quantum computing are probably going to change the way
that big data processing is done. Quantum algorithms may be
able to process complicated datasets more quickly than
conventional systems in the developing field of quantum
machine learning (QML), for example, offering a fresh
approach to managing the enormous volume of Big Data
[Zhou et al., 2022;]. On the other side, blockchain can
improve data security and integrity, guaranteeing data privacy
and reliability, particularly in distributed big data contexts
[(Wei, Wang et al. 2020)].

Further promising methods for improving the comprehension
of unstructured data, including text, photos, and videos, are
hybrid approaches that combine machine learning models
with computer vision and natural language processing (NLP).
New applications in fields like healthcare, where combining
data from clinical trials, diagnostic imaging, and medical
records could improve patient outcomes, may result from this
[Nguyen & Lee, 2023; Chen et al., 2022]. Similar to this, the
industrial and logistics industries may greatly increase
productivity by combining real-time data analytics with
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automation and predictive maintenance. This will minimize
downtime and optimize the supply chain.

Additionally, investigating novel hybrid techniques that
integrate the advantages of many machine learning
methodologies may provide more thorough answers to
current problems. Advances in federated learning (FL), which
allows models to learn across dispersed devices without
combining raw data, can help with privacy issues, which are
crucial in industries like healthcare and finance [Smith et al.,
2023]. Recent international data privacy laws like the GDPR,
which encourage firms to embrace safer data practices
without sacrificing the quality of insights, are in line with this
shift towards privacy-preserving machine learning [(Gupta
and Sharma 2023)].

Furthermore, integrating machine learning (ML) into big data
with international projects like the Sustainable Development
Goals (SDGs) of the UN may encourage more socially
conscious and sustainable solutions. SDG 11 (Sustainable
Cities and Communities) can be addressed, for instance, by
leveraging Big Data analytics to improve urban planning and
make cities smarter and more sustainable [(Lemarchand,
McKeever et al. 2022)]. Similar to this, predictive analytics
in agriculture can help SDGs 2 (Zero Hunger) and 12
(Responsible Consumption and Production) by increasing
agricultural yields, lowering waste, and promoting
sustainable farming methods [Smith et al., 2023].

In conclusion, machine learning and big data have a shared
future as new technologies constantly transform their uses. To
advance this subject, it will be crucial to address the
shortcomings of existing systems, including data
heterogeneity, real-time processing, and scalability, while
promoting an atmosphere of cooperation between
government agencies, business, and academia. Leveraging
the potential of big data and machine learning will be essential
in propelling advancement in a variety of fields as
breakthroughs continue to emerge, enhancing worldwide
economic and societal results [29, 53, Zhou et al., 2021].

5. Conclusion

In order to handle complicated problem-solving
requirements, machine learning integrates a variety of
technologies, including statistical analysis, mathematics, data
mining, deep learning, and artificial intelligence. Due to the
inefficiency of traditional algorithms in handling such large
volumes of data, the rise of big data has greatly increased the
role of machine learning in data-intensive fields. Researchers
are drawn to machine learning's advanced techniques in an
effort to extract insightful information from big data, which is
now essential for contemporary economic progress.

The sheer volume and complexity of big data has made data
analytics an important field of study because it makes it easier
to find trends and make data-driven decisions across
industries. For instance, the rise of big data in finance has
made financial scam more probable. The complexity of big
data is often too complex for traditional methods, but machine
learning and data mining offer potential alternatives by
accurately identifying fraudulent activities. Big data-driven

machine learning allows for prediction-based insights that are
beneficial in a variety of sectors.

Nevertheless, there are still difficulties in creating machine
learning algorithms, particularly when dealing with
complicated datasets for categorization tasks. This study
emphasizes that a significant obstacle is data imbalance,
which causes misclassification to produce erroneous
conclusions even when accuracy scores are high. To combat
this, comprehensive pre-processing, also known as data
preparation, is necessary to clean data, simplify it, and
enhance machine learning results.

6. Future Scope

Future studies can concentrate on creating a brand-new single

hybridization method that streamlines imbalanced big data

and cleans it at the same time. A cohesive strategy like this
could address several issues by:

1) Effectively eliminating outliers, cutting down on
redundancy, and cleaning up messy big data.

2) Using better strategies that get around the drawbacks of
conventional approaches to handle the complexity of
unbalanced big data.

3) Providing a cleaner, more balanced dataset to improve

the performance of different machine learning
algorithms.
This all-encompassing method has the potential to

revolutionize data preparation, increasing its efficacy and
efficiency for practical uses.
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