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Abstract— Data sampling in big data networking analysis is essential for differentiating associations and patterns within large data
sets. There are plenty of various methods to gather an investigation’s sample, all of which have a unique set of advantages and
disadvantages to avoid errors and biases. Adaptive and resampling techniques assist in overcoming the challenges of bias, error, and
complication in the sampling procedure. Practical uses for inverse sampling to decrease class differences in machine learning are

addressed.
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I. INTRODUCTION

A statistical analysis technique that is data sampling is
used to select, adapt, and examine a representative “sample
points of data” in order “to identify trends and patterns” in the
larger data set under study. Having a restricted, adequate
quantity of data about a statistical population makes it
possible for “data scientists”, “predictive modelers”, and
various “other data analysts” to create mathematical models
faster while still generating reliable results [1]. A common
method of statistics for many kinds of uses, such as
viewpoints, web analytics, and political surveys, is data
sampling. Moreover, without having to collect and analyze
data from each member of the general population, forecasts
about the wider population can be generated with a certain
amount of confidence via a data sample. Finding efficient
methods for obtaining representative sets is the objective of
studies on data sampling methods for large data-driven
networks.

The main objectives of the study

e To assess the current landscape of network analysis in the
context of big data

e To develop a comprehensive understanding of the
trade-offs between different data sampling methods

e To evaluate the performance and reliability of the
developed framework through empirical experiments

Il. LITERATURE REVIEW

Types of sampling techniques in data analytics

In big data analysis, when analyzing and conserving an
entire data set can be costly and time-consuming, sampling
can be especially useful. However, there are multiple
disadvantages and limitations to sampling that analysts have
to consider. Various methods of sampling can be employed
by analysts based on the goal, the data’s access, and its
characteristics. For instance, stratified sampling can be useful
for different information with different subgroups, whereas
an obvious random sample performs best for homogenous
and uniformly distributed data. For big and scattered data,
cluster sampling performs well, whereas systematic sampling
is simple to employ for consecutive and ordered data [2].
Each approach could have disadvantages of its own, like
introducing elements of bias or error in the occurrence that
the data set is not representative of the general population.
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Figure 1: Types of sampling techniques in data analytics
(Source: [2])
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Sampling challenges that are faced in big data’s data
analysis

Sampling bias, sample error, and sample size are a few of
the issues that analysts might face when employing samples
for big data analysis. Once a sample is not representative of
the population, sampling bias develops and may result in
inaccurate or deceptive findings. Analysts have to make sure
the sample size, method, and source are suitable for the study
in question and the nature of the data, therefore, in order to
avert this [3]. The difference between the parameter for
population and sample statistic as a consequence of random
or intentional sampling variations is referred to as sampling
error. Analysts must determine the tolerance of error and
credibility interval, apply suitable sampling strategies, and
conduct sensitivity and robustness evaluations in order to
minimize this error. The challenge or expense of obtaining
and evaluating an example from a sizable, complex data set
that may have numerous formats, sources, frameworks, and
characteristics is referred to as sampling complexity [4].
Analysts have to use platforms, tools, and systems that are
able to process a great deal of data and enable sample
processes in order to address this issue.

Solution to mitigate challenges of data analysis

Utilizing adaptive sampling, resampling, and population
integration, researchers may improve the accuracy and
precision of their big data studies. In adaptive sampling, data
from previous samples is utilized to improve both the
technique of sampling and the sample size. In order to figure
out the pattern of sampling or perform statistical tests,
resampling generates multiple samples from the initial
sample or community [5]. As many samples or methods of
sampling are combined, a more comprehensive and precise
sample can be produced. These techniques have a chance to
enhance sampling reliability and validity, increase coverage
and diversity, streamline the process, and reduce complexity.

1. METHODS

Positivism research philosophy has been chosen for
conducting the study. Instead of being rigid about a specific
theoretical framework, researchers who are pragmatic are
occupied with getting the job done. A positivism approach
allows for versatility in fulfilling the goals of the study which
is particularly crucial in a difficult field including big data
network analysis [6]. It has been chosen to use a sequential
exploratory design for the study. In order to examine the
circumstances and problems of using huge amounts of
information in network studies, this approach begins with the
collection and analysis of qualitative data. Furthermore,
concrete solutions to these issues could be created with the
help of this qualitative study. The research will employ a
secondary qualitative data analysis method. The data has
been gathered from secondary resources, including scholarly
publications, news stories, and online databases. The

collected data has been presented through thematic data
analysis.

IV. RESULT

Integrating survey data into big data analysis utilizing
inverse sampling

Assuming there is a systematic difference between the
pattern of distribution of the research variables in the vast
data sample and the distribution in the population of interest,
then the large data sample is not representative of the
population of interest [7]. The key concern is how well
researchers are able to compensate for the choice bias by
using additional variables that have been excluded from the
huge sample. In this section, researchers consider an unusual
inverse sampling technique for dealing with this issue.
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Inverse sampling can be considered an instance of
two-stage sampling. The large data sample utilized during the
first phase has bias in selection as it was gathered in the initial
phase. In order to compensate for the possibility of selection
bias created by the enormous information sample,
researchers conducted another round of sampling. It is
initially claimed that inverse sampling may be employed to
turn an intricate sample into a single random sample.
Researchers use the inverse sampling algorithm for particular
classic designs, “such as stratified sampling”. Researchers
applied the inverse sampling idea to an allocated sample. In
this section, they discuss how inverse sampling can be used to
reduce selection bias in large data sets.

As significant weights are determined for every element in
the large data sample, this step can be known as the weighting
stage. The second stage entails choosing an area of the
enormous amount of information to be analyzed with a
probability of selection that fits its significance weights [8].
The indicated inverse sampling approach for eliminating
selection bias needs data on the intended population from a
different source, such as a census or a sample of probability,
for the purpose of calculating an auxiliary variable x. To
formally introduce the concept, researchers assume that the
big data sample includes the variables xi and yi while the
density of the median distribution of x can be calculated by
the equation f.x/. Researchers have assumed that the second
value of the auxiliary variable x is finite. They are interested
in calculating “D.E.Y. from the big data sample B”. For the
vast data set B, they do not know the “first-order inclusion
probability”.
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Big data and survey data can be linked with the assistance
of survey data collection strategies. In this section,
researchers assume two sources for information, A (survey
data) and B (big data), each of which is susceptible to
selection bias. The equation “n=NB D o0.1/”, where n is the
number of samples of A, serves under the presumption that
data on item x is available from survey data and data on item
y can be obtained from big data. They are interested in
calculating the general mean YNN by combining two data
sets.

Impact of Class Imbalance on Machine Learning and
Sampling Techniques

The issue of class imbalance has an important effect on
machine learning and techniques for deep learning. The last
term refers to problems that arise when a single class in the
data set has fewer samples than another group, resulting in a
substantial decrease in the accuracy of the classifier. Many
observations have been published in the scientific community
about studies on this problem, with particular emphasis on
data sampling methods including “random over-sampling
(ROS)”, which replicates data from the minority class, and
“random under-sampling (RUS)”, which eliminates samples
from the entire class. These methods introduce an offset into
the classification algorithm, which adjusts for the asymmetry
between the categories.
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Figure 2: Class imbalance in ML
(Source: [9])
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Replicating minority samples raises the likelihood of
issues related to data sampling approaches, such as extended
periods of training and overfitting. Once numerous samples
have been removed from the majority of classes, the classifier
could lose potentially pertinent data. Furthermore, a heuristic
mechanism was developed along with additional “intelligent”
methods for sampling. The heuristic over-sampling method
that is “Synthetic Minority Over-sampling Technique
(SMOTE)” has been created by the researcher that generates
false samples of the disadvantaged subgroup by integrating
adjacent real-world examples [9]. As a consequence of its
achievement, many over-sampling algorithms have been
created, and it has since become commonplace for the
purpose of collecting data.

V. CONCLUSION

The study underlines the essential function of data
sampling in big-data network analysis, tackling challenges
such as class imbalances and biases. Inverse sampling and
algorithmic heuristics like SMOTE are instances of new

methods that help solve these issues. The research that makes
use of actual approaches stresses the importance of resolving
class imbalances to utilize machine learning. One potential
method to increase accuracy and reduce bias in large-scale
analysis of data is the inclusion of data from surveys using
inverse sampling.
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