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Abstract - A substantial volume of data in the form of information is purposefully changing in this era of digital information. The
volume of digital data is increasing rapidly every second due to the usage of the Internet through various gadgets for all our
everyday activities. However, big data plays a substantial role in information retrieval, which helps in predicting future trends.
Due to the characteristics of heterogeneity and huge size, processing and analysing the big data to ascertain useful insights is
becoming a challenging task. The selection of quality criteria for processing always determines the quality of the outcomes.
Using conventional data mining-based preprocessing techniques alone may not provide an effective result for big data, as it
faces decisive challenges. Consequently, a suitablefeature selection model is required to enhance the quality. This paper presents
aframework for selecting an important feature subset that represents the entire dataset with increased quality. The model utilizes
conjoint analysis with a minimum redundancy maximum relevance algorithm for selecting significant attributes and a q-gram-
based filtering approach for removing redundant and irrelevant instances. According to the analysis, the suggested model
improves data quality and yields superior outcomes using fewer variables and instances. Compared to other big data models
alreadyin use, the model uses the Spark framework to produce better outcomes, holding a maximum speed-up rate of 89.50 and

a maximum increased accuracy rate of 34.72%.

Keywords - Big data, Conjoint analysis, Data quality, Dimensionality reduction, Feature selection.

1. Introduction

Advancementsin data mining havereached a significant
technical milestone that facilitates data-driven decision-
making across a range of industries. In a number of
applications, including consumer preferences [1], healthcare
disease diagnostics [2], education [3], social media data [4],
biometrics [5], e-commerce [6], and the financialindustry [7],
as well as forecasting future trends that are valuable and
essential. Data are growing exponentially every second, owing
to the rapid increase in the use of digital data through the
Internet. This hasled to the emergence of the big data age [8].
Unlike traditionaltechniques forinformation extraction, large
data sets present a number of difficulties for knowledge
extraction; therefore, standard data mining techniques maynot
be appropriate. The three main characteristics of big data are
its tremendous velocity, large volume, and wide variety [9,
10]. Machine Leaming (ML) techniques are used to
effectively extract information from such large amounts of
data,asconventionaldata miningmethods may not be suitable
for these data types[11, 12]. Recently, big data hasbecome a
game changerin almost every industry, particularly when it
comes to making important decisions [13]. Data analysts,

statisticians, and experts often rely on various tools to organize
and process historical data to forecast and make accurate
decisions across various applications, data analysts,
statisticians, and experts often rely on a variety of tools [14].
However, appropriately transforming, integrating, operating,
and handling data when dealing with large volumes is
undoubtedly challenging. Big data must be managed carefully
because the information that can be gleaned from it is
extremely useful for a number of applications. The accuracy
of the generated information is significantly influenced by the
quality of the input data that must be processed [15].

A primary challenge in big-data analysis is data
acquisition. When processing substantial volumes of data,
information is sourced from multiple origins, resulting in
collected data manifestingin various formats depending on the
underlying data sources. Dealing with such massive amounts
of data presents a secondary challenge. Additionally, it is
important to handle missing values effectively because the
obtained data may not be comprehensive. The gathered data
must be effectively integrated from manysources in an orderly
manner. Redundancy is the primary issue in data integration.
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The Internet may cause data to be stored in several locations,
and the process of retrieving it may result in duplicates,
thereby enlarging datasets [16]. In addition to these
difficulties, the quality of data hasa significant impact on the
outcomes of knowledge extraction. Owing to the increasing
Number of features, integrated big data tends to have higher
dimensionality. In contrast, it may also include redundant and
unnecessary information, because not allqualities are relevant
to specific research [17]. Similarly, there will be a large
number of instances, some of which may be irrelevant because
they are outliers or duplicate occurrences [18].

Therefore, a crucial part of processing large amounts of
data involves selecting significant features and appropriate
instances. This generates understandable data that
dramatically improves the model’s performance in a short
amount of time. Nevertheless, a number of difficulties arise
when dealing with feature selection in large datasets,
particularly regarding the nature of the features themselves
and data from multiple sources. In contrast to regular datasets,
big data often exhibits an inherent structure among its
attributes. However, the existing feature selection techniques
are limited to generic data types. Unlike conventionalattribute
values, many qualities are connected and associated. Another
difficulty arises from multi-view sources, in which many
instances represent different features that serve as pivot points
within a high-dimensional space [19].

Recentresearch has focused on either feature selection or
instance filtering alone, but there is a lack of comprehensive
studies that address both feature and instance reduction in a
scalable and effective way. Moreover, the inherent attribute
structures and multisource complexity of big data exceed the
capabilities of most existing techniques. Consequently, there
is a critical need to develop a detailed model for improving
data quality that uses scalable frameworks to simultaneously
optimize both feature and instance selection for high-
dimensional large data. Given the numerous challenges
associated with enhancing the quality of large datasets, a
proper quality improvement model using appropriate
algorithms is urgently needed [20].

As a result, this study proposes a strategy for enhancing
data quality by choosing relevant instances and an important
feature subset that defines the complete dataset. The model
employs a q-gram-based filtering technique to select relevant
instances and conjoint analysis usingthe minimal Redundancy
Maximum Relevance (mRMR) method to determine the
important feature subset. The model selects essential features
and instances both horizontally and vertically, eliminating
extraneous attributes and instances that reduce the learning
algorithm’s performance. Numerous evaluations were
conducted to demonstrate the effectiveness of the model in
terms of accuracy and execution time. Using a distributed big
data architecture, the proposed framework uniquely combines
attribute selection and instance filtering compared with
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existing methods. The innovative part of this study is its two-
stage procedure, which addresses data quality concerns
simultaneously in a horizontal (feature-wise) and vertical
(instance-wise) manner. The analysis of the findings shows
that the proposed model enhances the data quality and
produces better results with a smaller set of variables and
instances. When applied to data using the Spark framework,
the model achieved its full potential in terms of speed and
accuracy.

The structure of the paper is as follows. Section 2 reviews
the important models currently available in the literature
related to the intended research. Section 3 describes the
proposed strategy for improving the data quality that is
suitable for large data. The preprocessing tasks that must be
completed before using the algorithms are presented in
Section 4. Section 5 describes the map phase, which applies
the proposed conjoint analysis to attribute importance and
CA-mRMR. Section 6 describes the reduced phase, which
uses a q-gram filter to exclude irrelevant occurrences. Section
7 presents an experimentalanalysis,and Section 8 presents the
results. Section 9 discusses the theoretical and practical
implications as well as challenges in data science and future
work, and Section 10 offers the conclusion and final directions
for the intended research.

2. Related Works

Recent research highlights that data quality is
fundamental for efficient analytics and machine learning,
especially in big data. According to a study[21] thatoffersa
comprehensive overview of important data quality
parameters, including completeness, consistency, timeliness,
and accuracy,low-quality data might undermine downstream
analysis even when algorithms are strong. Similarly, results
have shown that data quality affects organizational decision-
makingand modelperformance, highlighting how antecedents
such as source dependability and preprocessing approaches
influence data quality [22]. It was also noted that in data-
driven contexts, higher-quality data allows for more accurate,
timely, and competitive insights, which in turn increases the
strategic value of business intelligence tools [23]. Each of
these studies adds weight to the growing body of evidence that
preprocessing procedures should include data quality
evaluation and improvementas a means to increase robustness
and ensure meaningful results in high-dimensional
applications.

Researchers in the literature have produced several
publications on dimensionality reduction and data quality
enhancement. A conceptual framework for researching the
connection between big data quality and knowledge
management, which affects decision-making quality, was
proposed to enable a thorough investigation [24]. This
research demonstrates that management information systems
rely heavily on high-quality big data for making essential
decisions. According to [25], there are six ways to measure



Sindhu S & Veni S/IJETT, 73(7), 423-442, 2025

data quality: comprehensiveness, uniqueness, timeliness,
validity, precision, and consistency. To improve the quality of
big data created forthe telecommunications sector, a paradigm
based on process patterns was proposed [26].

By eliminating unnecessary features, which increases
accuracy, feature selection is regarded as one of the most
focused approaches for enhancing data quality. A feature
selection technique for text classification from big datasets
was developed by combining ant colony optimisation with an
artificial neural network [27]. With the k-Nearest Neighbour
(KNN) algorithm atits core, a hybrid feature selection model
was suggested that works well in cloud settings. It employs
the firefly distance metric in addition to the Euclidean distance
metric to find the nearest neighbours [28, 29]. There hasbeen
research on the advantages and disadvantages of classical
feature selection techniques as well as streaming feature
selection models that are useful for decision-making in
organisations [17]. A technique known as the Parallel,
Forward—Backwards with Pruning (PFBP) model was
proposed to find important features. To lower the
communication cost, the modeldivides the data into rows and
columns and efficiently uses a greedy search [30].

Ensemble-based mRMR (EmRMR) is a novel feature
selection approach that was presented for reusing the
dimensions in a big dataset [31]. In addition to verifying the
highest relevance of the feature associated with the class
attribute and the minimal redundancy with other candidate
attributes, the model calculates the mutual information for
selecting the significant attributes with higher values. A
number of modifications were performed using this model as
the foundation to enhance the system’s performance. To
address the shortcomings of mRMR when used with massive
data, an EmRMR model was created as an extension of the
mRMR modelthatuses a variety of optimisation strategies at
different phases [32]. This considerably decreased the
conventional mRMR algorithm's computational complexity.

Another variant, known as the MR-mRMR method, uses
the mRMR algorithm inside the MapReduce architecture [33].
To find relevant features, this model, however, uses the
RELIEF method rather than Mutual Information (MI) [34].
According to this approach, speed, accuracy, and simplicity
are greatly improved by the smaller attribute set [35]. The
elimination of outliers is crucial in addition to feature selection
through dimensionality reduction. After a study on banking
data, a methodology was proposed to eliminate data
inconsistencies and enhance the data quality [36]. A deep
neural network model was used to make predictions in a data-
mining model proposed to identify noise and evaluate the data
quality. Although the model's effectiveness was examined
using bankingdata,the authors ensured the model's ability to
work with data from other industries [37]. In addition to the
KNN technique, fourotherreduction types were proposed and
compared: heuristic-based data cleaning, rule aggregation,
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rule synthesis using q-gram-based filtering, and ensemble
clustering [38]. The Number of features and instances was
decreased using this technique based on their importance.

To improve the performance of high-dimensional
biological datasets, researchers have recently investigated
hybrid feature selection methods. A hybrid strategy was
suggested that combined Binary Portia Spider Optimization
with the fastest mRMR (FmRMR) to improve convergence
speed and classification accuracy [39]. A technique
combining improved mRMR (ImRMR) with Binary
Differential Evolution has been proposed for gene selection,
balancing redundancy and importance in the chosen traits
[40]. In clinical datasets, the ReliefF-mRMR method has
demonstrated strong efficacy in identifying various diseases
[41]. Despite their advantages, these techniques often suffer
from limited generalizability across diverse datasets, high
computational costs, and considerable need for parameter
adjustment. These recent developments support the rationale
behind the proposed CA-mRMR approach, which addresses
these limitations by combining the complementary strengths
of the classical and metaheuristic selection procedures.

Owing to their robustness, interpretability, and ability to
handle high-dimensional data, well-known ML algorithms
such as the Support Vector Machine (SVM), Naive Bayes
(NB), KNN, Logistic Regression (LR), Random Forest (RF),
and Decision Tree (DT) are frequently used in big data
classification tasks. SVMs are particularly effective in
complex, nonlinear classification scenarios, especially when
applied to large-scale data such as clinicaland gene expression
datasets [42].NB and KNN are commonly applied because of
their simplicity and efficiency in managing large datasets,
especially when model transparency is essential [43]. LR is
appropriate for binary classification tasksbecause it provides
probabilistic outputs along with solid baseline performance
[44]. Ensemble methods such as RF and traditional DTs are
widely used because of their ability to model feature
interactions and reduce overfitting through bootstrap
aggregation [45]. Many recent investigations in big data and
related domainshaverelied on these models for validation and
performance evaluation [40, 41].

3. Proposed Framework for Data Quality
Improvement

The overall design of the data quality improvement
framework using conjoint analysis with minimum
redundancy, maximum relevance, and q-gram-based filtering
for big data is shown in Figure 1. This framework aims to
provide quality data for effective processing, thereby
producing accurate results specifically for big data. However,
it is very difficult to find a single approach that can improve
the quality of data by overcomingthe challenges encountered
by big data. The proposed framework has three phases in
which the first phase focuses on data extraction and cleaning,
the second is the map phase that implements Conjoint
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Analysis with the Minimum Redundancy Maximum
Relevance model (CA-mRMR), and the third is the reduce
phase that implements the q-gram-based filtering approach for

detecting redundant and irrelevant instances. Each phase and
the corresponding algorithms used in the framework are
explained in the following sections.

Data Integration

Data
Cleansing

Data Transformation

Phase 1: Big Data Pre-processing

Columnar Transformation

Relevance and Redundancy

Phase 2: Map Phase with CA-mRMR

Conjoint Analysis

Mutual Information

Data
Aggregation

Q-gram
Filtering

Phase 3: Reduce Phase with filtering

Row
Transformation

Instance
Removal

Fig. 1 Overall design of the proposed data quality improvement framework

4. Big Data Preprocessing Phase

The performance of the mining or knowledge extraction
system dependsnot only on the underlying logical model but
also on the input data quality given to the system [46].
Generally, to extract knowledge from given data, it is essential
to prepare the raw data in a particular form that can be
processed. Thus, the preprocessing phase of big data aims to
extractthe data related to a particulareventand convert it toa
suitable form for further processing. This phase is inevitable
for big data because it incorporates enormous amounts of data
from multiple sources. This phase includes data integration,
cleaning, and transformation.

4.1. Big Data Integration

This process is the initial step, which deals with collecting
data from various sources in various formats. Thus, combining
the data extracted from various sources is necessary to form a
unified data view. When it comes to big data,data integration
is performed by first gathering information from social media
platforms, the Internet of Things, and transactional data.
Although it is extracted from various sources, the integration
process results in a single target form. In the case of data
warehouses, the Extraction, Transformation, and Loading
(ETL process) is used to consolidate the data. With evolving
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technologies, the ETL process has evolved to be used with big
data [47].

4.2. Data Cleansing

This process aims to remove incomplete, irrelevant, and
incorrect data from the datasets to ensure the quality of the
data. This step is substantial, asthe error and incomplete data
lead the user to make immoral conclusions and decisions. In
the case of business applications, poor data may lead to a loss
of money, whereas in the most critical applications, such as
medical data, poor decisions can lead to loss of life. Several
methods exist for cleaning big data that vary from simple
models, such as deduplication and irrelevant data removal,
filling missing data, to complex ML models for parsing,
mining association rules, and mining outliers [48]. Here, with
a huge volume of data, if the Number of incomplete records is
minimal, then the records can be filtered out. The other steps,
removing redundant data and reducing the dimensions, were
carried out in the next phases.

4.3. Data Transformation

Data transformation involves transformingdata from one
form to another for easy processing. In general, data from the
source is mapped to the specified targeted form. This targeted
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form can be used to obtain effective results. This can be
achieved by scripting or using ETL tools. Although the
method is substantial, it is time-consuming and a slow process
requiring higher human resources, especially for unstructured
data. Once the preprocessed big data has been retrieved, the
map phase is used to select the important features that, through
enhanced predictive power, represent the complete dataset.

5. Map Phase using CAFS-mRMR

The preprocessed data are normalized, and the
normalized data are partitioned based on the Number of
mappers. For each partition, the mapper applies a columnar
transformation before applying enhanced conjoint analysis
with the mRMR algorithm. However, in general, all ML
algorithms are row-oriented or instance-oriented, in which
they apply and evaluate the data in a row, which requires a
higher cost for random access. Conversely, feature selection
algorithms are processed in a columnarmanner forefficiency,
in which each column represents a specific instance with
various attributes. Thus, the main aim of applying columnar
transformation is to improve the overall performance of the
process. The  row-oriented and  column-oriented
representations of features in the contiguous memory location
are presented in Figure 2, in which a) represents the row-
oriented representation with fourrecords havingthree features
each, and b) represents the columnar representation of the
same data.

Instance 2 Instance 3 Instance 4

12123311321 133 | 41

a) Row Oriented Representation

Instance 1

1112|113

42143

Feature 1 Feature 2 Feature 3

L 31| |12 22|32 22| f13 | 123

b) Columnar Oriented Representation
Fig. 2 Different feature representation

fl1 133

143

For the transformed values, the data were then passed to
the mapper, where the proposed conjoint analysis with the
mRMR approach was applied. The result is a subset of
features that strongly represent the entire dataset, which helps
in effective prediction. The worker nodes in the map phase
apply the proposed CA-mRMR algorithm to the input
partitions and provide the key-value pair as the output, which,
in turn, serves as an input for the reduce phase. The result of
themap phaseisa set of significant features afterapplyingthe
CA-mRMR algorithm, as given in Equation 1:

FP, =< fi1,fo, o fin > (1)

Here, FP; represents the subset of features selected from
partition i, and fi, represents the binary value that is 1 for the
selected feature and 0 for the non-selected features.
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To provide more clarity on the feature selection process,
conjointanalysis and the CA-mRMR algorithm are explained
in detail below.

5.1. Conjoint Analysis for Attribute Significance

The Number of representation features to be chosen from
the complete collection can be determined by evaluating the
attribute importance, and is then given as an input for the
mRMR algorithm. Conjoint analysis aims to identify the
importance of features based on which the model selects the
substantialattributesin the given dataset[49]. In the proposed
model, conjoint analysis was performed to identify and
remove irrelevant attributes based on the attribute significance
score, which is the approximate k-value that specifies the
Number of relevant attributes to be selected for the mRMR
model. This analysis identifies the significance of an attribute
with respect to the total dataset by using the utility range or
preference range. However, the computed attribute's
significance always specifies the relative value concerning the
other attributes, and thus, the sum of the utility values of all
the attributes is always 1.

Initially, the utility of each attribute value was calculated
by determining the mean partworths of a particular attribute
value. However, the partworths for the attribute at various
levels can be estimated using various models, such as dummy
variable regression or the LOGIT model. Upon identifying the
partand attribute utility values, the utility range of a property
can be determined by calculating the difference between its
maximum and minimum utility values, as shown in Equation
2.

Rngaeer, = max(uattri) - min(uattri) @)

The relevance of an attribute canbe calculated as the ratio
of the utility range of thatattribute to the overall utility range
of all attributes, as shown in Equation 3.

Rng_Attr;
X1 Rng_Attr;

Attr_Sing; = (3)

Attributes with very low scores were filtered based on the
above significance score. The remaining attributes and their
utility values are retained as inputs for the mRMR process.
This step effectively reduces dimensionality while preserving
the predictive relevance.

5.2. CA-mRMR Model

Generally, nRMR is a modelused for feature selection in
which the input is the set of records, and the outputis the
ranked attribute based on its significance. The features are
ranked based on the relevance of the attribute to that of the
class variable, thereby penalizing the redundancy between the
attributes. Thus, it aims to maximize the dependency between
the attribute and target variables and minimize the redundancy
between the dependent variables. To compute the relevancy
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between feature f and target class c, weighted mutual
information is computed, in which the attribute significance
obtained through conjoint analysis serves as the weights for
the attributes. The formula for computingthe weighted mutual
information between attribute A and target class C is given in
Equation 4:

WMI(A,C) =X yep Zeecw(a)p(a, c)log (%)(4)

Here, w(a) is the utility value of attribute a. The mainaim
is to maximize the attribute relevance of the target class and
minimize the redundancy between the two attributes. These
can be achieved using the maximization and minimization
constraints given in Equations 5 and 6, respectively:

Max Rel (4, C) =|117|Za€AWMI(a,C) (5)

Min Red (4) = =3, o caWMI (a;, @) 6)

The CA-mRMR algorithm first selects the attribute with
the highest relevance score. Then, in each iteration, the
redundancy between the newly selected attribute and all the
remaining candidates is calculated. The attribute that
maximizes (relevance redundancy) was added to the final
selected set. This process is repeated until k features
(determined from conjoint analysis) are selected.

In the case of the CA-mRMR algorithm, the relevance
score for all attributes is computed using weighted mutual
information and stored in memory. The feature with the
highest relevance mutual information score compared to that
of the target class variable was selected.

Then, the selected attribute acts as a reference for
computing redundancy, in which mutual information is
computed with the selected attribute and that of each
unselected attribute. The redundancy values were
accumulated at each iteration. This process continues for all
features selected using conjoint analysis. The algorithm forthe
proposed CA-mRMR algorithm is as follows.

Input: a set of features from the dataset D
Output: Significantly selected features
begin map_phase()
final set=(); candidate deature={}; total range utility =0;
//Conjoint analysis
for each feature f do

//Apply Logit model to find the part worths

partworths[f]=Logit();

//Attribute-value utility computation

for attribute value i from 1 to n do

utility attr; =avg(part_worths;)
end for
range_attri(f) = (max(utility _attri)-
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min(utility attr;))
total range utility =total range utility +
range_attri(f)
end for
for each feature f do
//Significance score computation
sig_score(f) = range attri(f)/ total range utility
if sig_score(f) > threshold then
candidate feature =candidate feature U f
//Number of features to be selected
nfeature=nfeature+1
end if
end for
//Feature selection with weighted mutual information
for candidate feature fin D do
relevance[f] = wMI(f, class);
accumulatedRed[f]=0;
end for
selected = getMaxRelevance(relevance);
final set.add(selected);
candidate feature.remove(selected);
while final set.size() < nfetaure do
for feature f in candidate do
rel = relevance[f] //relevancy
//redundancy computation.
red = wMI(f, selected);
//Score with max. relevance & min.
redundancy
CA _mRMR =rel - red;
if CA_ mRMR is max then
selected = f;
end if
end for
final set.add(selected);
candidate feature.remove(last selected);
end while
end procedure

To optimize the algorithm, the computed values were
stored in the cache for furtheruse. This minimized the Number
of computations required. In addition, to minimize random
memory access, columnar transformation was initially
performed before applying the algorithm. These simple
modifications significantly influence the performance of the
model without altering the final results. It was also
implemented in Apache Spark using MapReduce. The input
data is split into partitions and set as inputs for the Hadoop
Distributed File System (HDFS) worker nodes at the map
phase. These worker nodes process the files and produce
results in a key-value pair that contains the selected set of
features.

6. Reduce Phase using Q-Gram Filter

The training dataset and output from the map phase were
subsequently sent through the masternode to the reduce phase,
where the inputs were merged and sorted. These were then
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furtheranalysed to identify and eliminate redundant instances,
resulting in a clean, reduced dataset. A data integration
process was performed usingthe binary vectorresults from the
different worker nodes to determine the important features.
The averages of these binary vectors were calculated to
identify the most significant features. Equation 7 provides the
formula used to compute the average of the binary vectors
obtained from the mapping phase.

1 .
SA, =;ijij,V]=1,2,..k (M

Here, j indicates the Number of worker nodesin the map
phasethatvariesfrom 1,2, ..., k, andirepresents the Number
of features in the datasetsthat range from 1,2, ..., n. Thus, the
attributes with maximum values are selected.

Because the inputs obtained from the mappernodes are
feature- or column-oriented, the input dataset partitions must
be converted to instance-oriented or row-oriented, in which
each row depicts an instance from the dataset. A row
representation of the dataset with four instances and three
attributes is shown in Figure 2. This step significantly
increases the performance of the system because it reduces the
unnecessary time required to perform a random search.

6.1. Q-Gram-based Filtering Approach

The training sets given to the map phase are also
presented as inputs to the reduction phase. However, the
dimensionally reduced dataset was used, in which the
attributes that were not selected in the previous step were
removed from the dataset for further processing. A Q-gram-
based filtering approach was used to eliminate irrelevant
instances [38].

Thus, all attribute values in each instance are
concatenated to form a single string for which the Q-gram
approach is applied to find duplicate records. Specifically, Q-
gram Alignment based on Suffix Arrays (QUASAR), a simple
enhanced q-tuple filtering model that verifies the pattem
match, is applied to the data to identify the redundancy [50].

It identifies various occurrences of a specific q-pattern S
by performing local approximate matches in the given data D.
The algorithm applies edit distance, in which patterns S and d;
can have at most k values. It also uses a g-gram index to
specify the Number of occurrences for each substring. The
matched patterns are stored in a matching block and sent to
the next phase for further analysis. The use of the g-gram and
matching blocks reduces the overhead of the underlying
system.

The matched patterns are effectively analyzed, based on
which the decision on irrelevant and redundant instances can
be made. Thus, if pattern S has a complete match with the
instances in database D, this implies that the instances are
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duplicates or redundant and can be removed. In addition,
irrelevant instances that do not have any matches are
considered outliers and are discarded, which also enhances the
performance of the system. The conditions for relevancy,
redundancy, and irrelevancy are given in Equation 8.

s = d;, if redundant
snd; = Q,if irrelevant
snd; # @,if relevant

fltr (instance) =

(8)

The algorithm for the proposed q-gram-based filtering is
given below.

Algorithm: Q-gram_filtering
Input: set of partitions and features
Output: Reduced dataset
Begin reduce_phase()
//Integration of results from mapper nodes.
for each binary vector b do
//attribute value utility computation
for attribute value i from 1 to n do
selecti=selecti + <bi>
end for
end for
for each attribute ido select; = selecti /b
if select; is maximum, then
Select the attribute
end if
end for
//Q-gram-based filtering
for each instance iin the dataset d do
pattern; = concat(all_attibute values)
end for
for each patterni do
if pattern; =patterng then
patternj.remove() //Redundant instance
elseif no element in pattern; match patterng then
patternj.remove() //Irrelevant instance
elseif subset of patterng matches with subset of
patterng then
pattern;j.select() //Relevant instances
end if
end for
end procedure

Figure 3 shows the overall workflow design of the
proposed framework for enhancing the quality of big data.

7. Experimental Analysis

An evaluation of the proposed approach concerning the
quality improvement of the data to be processed is discussed.
The testing environment used for the proposed m-MRMR
model and the outcomes acquired for different inputs were
examined and compared with the existing models.
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Fig. 3 Workflow of the proposed quality improvement framework for big data

7.1. Experiment Setup

For performing the trials and to analyze the effectiveness
of the proposed approach,a set of four nodes was used in the
clustering step, with a single node asthe master, whereas the
remaining three nodes were identified as slaves. The system
configuration and the configuration of the computing nodes
are as follows: Intel Core i3 CPU processor, two cores per
processor with 3.00 GHz, 64 GB RAM, and 1000 GB Hard
Disk. The computerhasthe following software configuration:
Open Source Apache Hadoop with Apache Spark andmachine
learning library (MLIlib) version of 1.2.2, and HDFS with a
block size of 128 MB. The master node manages the HDFS,
controls, and coordinates with slave nodes. It uses a
MapReduce framework with a set of nodesata map phase and
a single reduce phase, in which the input data is split into
several partitions and then fed as input for the mappernodes.
Upon applying the CA-mRMR algorithm to the data in the
mapper nodes, a reduced set of instances is obtained as the
output, which is then fed to the reduce phase for performing
aggregation and Q-gram-based filtering. The finalresult of the
reduce phase is the quality of the dataset after removing
irrelevant and redundant attributes and instances.

7.2. Datasets Used

This study employed three frequently used datasets to
analyse the efficacy of the feature selection algorithm for big
data. The details of the dataset used for the proposed study,
including the Number of instances and attributes, along with
the source details, are presented in Table 1. The Epsilon
dataset is a part of LibSVM and has many attributes, while
ECBDLI14 is a dataset that has many instances. The Susy
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dataset has a minimum number of 18 attributes and a
maximum number of records and is available at the UCI
repository.

Table 1. Dataset used

Dataset | #Attr.| #Inst. Source
Epsilon 2000 | 400000 LibSVM
Susy 18 | 5000000 UCI repository
ECBDLI14 | 631 |7994298 GECCO-2014
International conference

The original datasets were preprocessed to address
missing values, outliers, and inconsistencies during collection
to ensure data quality. According to the 3o rule, outliers were
defined as any result that did not fall within the interval (n —
30, u + 30). Furthermore, both missing values and identified
outliers were replaced with representative values from
comparable cases by using the KNN imputation technique
[40]. Duplicate records and unnecessary features were
eliminated during the initial cleaning. To improve the
classifier’s performance and interpretability, min—max
normalization was used to bring all features onto a unified
scale.

By changing the dataset size (50 K, 100 K, and 200 K
instances), a sensitivity analysis was performed to assess the
model's resilience and scalability. Using several classifiers
and datasets, the effects of these differences on classification
accuracy and execution time were examined. This allowed for
better evaluation of the stability of the proposed CA-mRMR
model across varying data volumes. The data quality was
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maintained during the preprocessing and selection procedures,
which included utility-based feature scoring and instance
filtering. These methods reduce redundancy and improve
overall information density. Ethical data management is a
crucial element of research that utilizes high-dimensional
information. Only publicly accessible and anonymised
datasets were used in this study, ensuring that no personal
information could be directly linked to any individual. All the
data complied with the relevant licenses and terms of service.
During processing and analyzis, privacy and confidentiality
were carefully maintained. Feature selection and classification
were consistently implemented to prevent bias and promote
equity. To minimize overfitting, five-fold cross-validation
was used to evaluate the final results, and all the reported
metrics adhered to the established procedures.

8. Results and Discussion
8.1. Result for the Proposed Model

This section provides various analyses based on
experimental data. Initially, a comprehensive study was
conducted for the suggested model, utilizing the various
datasets provided in Table 1. The classification accuracy of

KNN, LR, RF, and DT were 80%, 78%, 79%, 77%, 81%, and
80%, respectively. The average time taken for both training
and testing the modelusing SVM, NB, KNN, LR, RF, and DT
is 3.00s, 2.89s, 2.66s, 2.49s, 3.71s, and 3.00s, respectively.
From this analysis, it is evident that the accuracy and
execution duration of the model are closely related to the
dataset size. Notably, LR achieved the lowest accuracy with
the shortest runtime, whereas RF achieved the highest
accuracy with the longest computationaltime, highlighting the
tradeoff between performance and time complexity. The
results obtained by varyingthe size of the datasets with sample
counts of 50 K, 100 K and 200 K for the suggested work on
the Susy datasetusing different classifiers, suchas SVM, NB,
and KNN, are shown in Table 3. The mean classification
accuracy with 50 K, 100 K and 200 K instances using SVM,
NB, KNN, LR, RF, and DT are 74.44%, 73.22%, 74.12%,
71.86%, 75.56%, and 75.12%, respectively. Training and
testing the model with SVM, NB, KNN, LR, RF, and DT
required an average of 2.41, 2.29, 2.07, 1.93, 3.04 and 2.40
seconds, respectively.

Table 3. Results of the proposed model with the Susy dataset

the quality-improved big data was evaluated using various Classifiers | Size Aocc. Train. | Test. | Total
standard classifiers such as SVM, NB, KNN, LR, RF, and DT (%) (sec) (sec) | (sec)
with default parameters. The experiment was performed in SOK 75.29 1.08 0.77 1.85
batches by varying the size of the datasets, which refers to the SVM 100K | 74.49 141 111 2.52
Number of instances as 50 K, 100 K and 200 K. Table 2 200K | 73.56 1.69 1.18 287
presents the findings detailing the classification accuracy as 50K | 74.57 117 0.82 1.99
well as the duration required for training and testing the NB 100K | 73.96 1.36 0.85 221
proposed model using the Epsilon dataset. 200K | 71.14 1.55 1.13 2.68
50K 75.77 1.03 0.74 1.77
Table 2. Results of the proposed model with the Epsilon dataset KNN 100K | 7391 1.21 0.8 2.01
Classifiers | Size Acc. Train. | Test. | Total 200K | 72.69 1.39 1.03 242
(%) (sec) (sec) (sec) 50K 73.02 0.89 0.56 1.45
50K 8091 1.37 1.12 2.49 LR 100K | 72.17 1.17 0.86 2.03
SVM 100K | 79.62 1.68 1.43 3.11 200K | 70.39 1.4 0.9 2.3
200K | 78.77 1.9 1.51 341 50K 76.37 1.37 1.05 2.42
50K 79.93 14 1.21 2.61 RF 100K | 75.59 1.68 1.39 3.07
NB 100K | 78.96 1.58 1.18 2.76 200K | 74.73 2.08 1.56 3.64
200K | 76.25 1.81 1.49 33 50K 76.67 1.2 091 2.11
50K 80.75 1.27 1.05 2.32 DT 100K | 74.78 1.36 0.97 2.33
KNN 100K | 79.11 1.41 1.19 2.6 200K | 73.6 1.58 1.19 2.77
200K | 77.95 1.66 1.4 3.06
50K 78 64 116 0.93 2.09 The results obtained by changing the size of the datasets
LR 100K | 7723 14 116 756 with the Number of records as 50 K, 100 K and 200 K for the
200K | 75.65 159 123 782 proposed quality improvement framework on the ECBDL14
50K 81.99 168 14 308 dataset using different classification algorithms, such as SVM,
NB, and KNN, are shown in Table 4.
RF 100K | 80.72 2.05 1.76 3.81
25%%;( ;?22 ?22 igz ;ég Table 4. Results of the proposed model with the ECBDL14 dataset
DT 100K [ 80 1.58 | 134 | 292 Classifiers| Size | A¢¢- [ Train. | Test. | Total
200K | 78.88 | 184 | 156 | 34 (%) | (se0) (sec) (sec)
50K [ 85.01 1.18 1.02 2.2
The average classification accuracies with varying SVM 100K | 83.73 1.49 1.33 2.82
instance counts of 50 K, 100 K, and 200 K using SVM, NB, 200K /| 82.98 1.71 141 3.12
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50K [84.15 1.21 1.11 2.32
NB 100K|82.97 1.39 1.08 2.47
200K 80.49 1.62 1.39 3.01
50K | 84.94 1.08 0.95 2.03
KNN 100K| 83.27 1.22 1.09 231
200K{82.00 1.47 1.3 2.77
50K | 82.49 1 0.85 1.85
LR 100K|81.21 1.26 1.09 2.35
200K | 80.46 1.43 1.14 2.57
50K | 86.09 1.47 1.3 2.77
RF 100K | 84.83 1.84 1.67 3.51
200K | 84.15 2.03 1.74 3.77
50K | 85.84 1.25 1.12 2.37
DT 100K | 84.14 1.37 1.26 2.63
200K|82.91 1.66 1.41 3.07

The mean accuracies with varying instance counts (50 K,
100 K, and 200 K) using SVM, NB, KNN, LR, RF, and DT
classifiers were 83.9%, 82.54%, 83.4%, 81.4%, 85%, and
84.3%, respectively. As shown in these classifiers are 2.71s,
2.6s,2.37s,2.26s,3.35s,and 2.69s, respectively. The average
values for the three datasets obtained using various standard

100.00

classifiers are shown as a bar graph in Figure 4. The average
classification accuracies across the six classifiers for each
dataset were as follows: epsilon (M = 79.28%, Var = 1.77),
Susy (M =74.04%, Var=1.77), and ECBDL14 (M = 83.43%,
Var 1.70). According to these descriptive statistics,
ECBDL14, Epsilon, and Susy exhibited varying levels of
average accuracy. The relatively small variances indicate
consistent classifier performance within each dataset. A one-
way ANOVA was performed to determine whether the mean
classification accuracy of the six classifiers varied
significantly across the datasets. The analysis revealed a
statistically significant difference (F = 75.93,p <0.001) with
the computed F-value exceeding the critical threshold (F_crit
3.682). This result confirms that the type of dataset
substantially affects the classification performance,
highlighting the importance of evaluating the proposed CA-
mRMR modelacrossdiverse datasets to ensure robustness and
generalizability. The average execution times forthe proposed
CA-mRMR-based feature selection method, evaluated across
the epsilon, suspicious, and ECBDL14 datasets using the
SVM, NB, KNN, LR, RF, and DT classifiers, are presented in
Figure 5.
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Fig. 4 Execution time analysis for the proposed model
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Fig. 5 Execution time analysis for the proposed model
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A one-way ANOVA was performed to ascertain whether
the mean execution times of the six classifiers differed
significantly. The results showed a statistically significant
difference in execution time (F = 5.18, p = 0.009). The null
hypothesis was rejected because the computed F-value
exceeded the critical value (F_crit = 3.11), indicating that the
classifier type significantly affected the execution time.
Descriptive statistics revealed that LR had the shortest average
execution time (M =2.22s), whereas RF had the longest (M =
3.37s). These findings emphasize the importance of
considering computational efficiency and accuracy when
selecting a classifier.

8.2. Comparison with State-of-the-Art Models

A comparison has been made for the proposed CA-
mRMR algorithm, and the results are compared with other
algorithms, such asthe traditionalmRMR [31], EmRMR [32],
MR-mRMR [33], ImRMR [40], and FmRMR [39] algorithms.

The analysis was performed by varying the selection
criteria for 100, 150, and 200 feature sizes. The execution
times of both the suggested and existing algorithms are
assessed, and the time required to process the complete
datasets, such as Epsilon, Susy, and ECBDL14, are presented
in Table 5.

Table 5. Execution time comparison by varying the number of attributes

Dataset #Attr. Sel. CA-mRMR EmRMR MR-mRMR mRMR ImRMR FmRMR
100 1.05 1.84 1.03 7.49 2.13 1.93
Epsilon 150 1.272 2.50 1.41 9.67 2.95 1.45
200 1.69 2.51 1.72 12.45 3.09 2.17
5 041 1.20 0.57 8.9 2.29 1.27
Susy 10 0.96 1.73 1.04 13.42 2.62 1.37
15 1.05 2.44 1.12 17.85 2.14 1.69
100 0.62 1.20 0.69 7.78 2.02 0.97
ECBDL14 150 0.71 1.21 0.84 12.11 1.80 0.89
200 1.01 2.17 1.06 15.41 2.20 1.02

The average time taken by the Epsilon dataset for the
proposed model is 1.34s, whereas that of other models, such
as MR-mRMR, mRMR, EmRMR, ImRMR, and FmRMR
models, are 1.4s, 9.87s, 2.29s, 2.72s, and 1.85s, respectively.
Similarly, the average time taken by the Sysu dataset for the
proposed modelis 0.74s, whereas for the other models, such
as MR-mRMR, mRMR, EmRMR, ImRMR, and FmRMR
models, it is 0.81s, 13.39s, 1.79s, 2.35s, and 1.44s,
respectively. For the ECBDL14 dataset, the average time
taken for CA-mRMR, MR-mRMR, mRMR, EmRMR,
ImRMR and FmRMR models is 0.78s, 0.86s, 11.77s, 1.53s,
2.01s and 0.96s, respectively. More specifically, the average
time taken by various methods, including CA-mRMR, MR-
mRMR, InRMR, FmRMR, EmRMR, and mRMR models for

the three different datasets was 0.97s, 1.05s, 2.36s, 1.42s,
1.87s and 11.68s,respectively. Thus, the time required for the
proposed CA-mRMR algorithm is minimalcompared with the
traditional mRMR algorithm. Compared to other recent
variants, such as MR-mRMR, EmRMR, ImRMR, and
FmRMR, the CA-mRMR algorithm also shows lower or
comparable execution times in most cases.

Although somemodels, suchas MR-mRMR or FmRMR,
perform slightly better in isolated cases, the difference is
minimal. It can be considered insignificant when weighed
against the overall data quality and performance. The values
provided in Table 5 are presented as a graph in Figure 6 to
visualize the time differences clearly.
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Fig. 6 Average execution time comparison for mRMR variations
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The execution time and accuracy of the proposed model
were compared with those of existing state-of-the-art models,
such as mRMR, MR-mRMR, EmRMR, and ImRMR
FmRMR. Various analyses were carried out by selecting 100

attributes from the Epsilon and ECBDL14 datasets and ten
attributes from the Sysu dataset with different classifiers, such
as SVM, NB, KNN, LR, RF, and DT classifiers. The times
required to execute the model are listed in Table 6.

Table 6. Execution time comparison for mRMR variations with different classifiers

Classifiers Datasets Various Feature Selection Methods
mRMR MR-mRMR EmRMR ImRMR FmRMR CA-mRMR

Epsilon 44.00 11.00 10.90 13.53 15.29 9.23

SVM Susy 36.00 13.23 13.08 15.39 16.89 11.12
ECBDL14 29.00 10.51 9.25 11.29 13.30 8.12
Epsilon 224.00 54.00 28.74 31.02 31.80 27.00
NB Susy 251.00 42.00 22.17 24 .43 25.88 21.00
ECBDL14 182.00 29.00 18.40 2091 21.92 17.00

Epsilon 40.45 9.31 8.56 10.55 12.19 6.85

KNN Susy 32.10 11.92 10.16 12.79 13.55 8.71
ECBDL14 2591 8.76 6.77 8.69 9.67 5.84

Epsilon 39.88 7.39 8.34 11.59 13.66 7.01

LR Susy 31.88 10.12 10.69 13.03 15.46 9.03
ECBDL14 24.88 7.02 6.84 9.21 12.13 5.13

Epsilon 50.72 16.71 17.29 20.86 22.99 15.17

RF Susy 42.68 19.19 19.35 21.93 24.26 16.30
ECBDL14 35.72 15.90 15.80 18.13 21.00 13.53

Epsilon 41.76 10.73 10.04 12.39 14.32 8.28

DT Susy 33.32 12.84 11.81 15.27 15.83 9.83
ECBDL14 27.23 9.78 8.28 10.49 11.87 6.84

The speed-up rates of the proposed CA-mRMR model
over the traditional mRMR algorithm (mRMR/CA-mRMR)
with respect to the Epsilon, Susy, and ECBDL14 datasets
using the SVM classifier were 4.77, 3.24, and 3.57,
respectively. Compared with MR-mRMR (MR-mRMR/CA-
mRMR), the speed-up rates were 1.19, 1.19, and 1.29,
respectively. When considering all the methods, the maximum
speed-up rate using SVM was achieved by CA-mRMR over
mRMR (4.77%). Similarly, for the NB classifier, the speed-up
rates of CA-mRMR over mRMR are 8.30 (Epsilon), 11.95
(Susy), and 10.71 (ECBDL14), and 2.00, 2.00, and 1.71,
respectively. When extended to other classifiers, such as
KNN, LR, RF, and DT, CA-mRMR consistently demonstrates
a lower execution time than other methods, including
EmRMR, InRMR, and FmRMR.

While some models, suich as EmRMR and ImRMR,
occasionally show comparable performance, CA-mRMR
provides the best overall tradeoff between execution time and
selection quality. These results confirm that the CA-mRMR
algorithm offers a consistently superior speed with minimal
compromise, making it an efficient choice across different
classifiers and datasets.

The analysis of the classification accuracy with that of the
SVM, NB, KNN, LR, RF, and DT classifiers for different
datasets, such as Epsilon, Sysu, and ECBDL14, was
performed by selecting 100 attributes from the Epsilon and
ECBDL14 datasetsand 10 from the Sysu datasets. The values
obtained for the accuracy of the classifier using different
mRMR variations are listed in Table 7.

Table 7. Execution accuracy comparison for mRMR variations with different classifiers

Classifiers Datasets Various Feature Selection Methods
mRMR MR-mRMR EmRMR ImRMR FmRMR CA-mRMR

Epsilon 61.80 80.32 81.47 80.71 80.96 83.26

SVM Susy 69.14 78.69 79.78 79.01 7921 86.89
ECBDL14 71.77 83.40 82.56 83.50 83.72 85.87

Epsilon 59.31 78.80 79.43 78.81 78.80 82.05

NB Susy 67.82 78.00 7791 78.13 78.51 85.08
ECBDL14 69.53 81.41 79.62 81.28 81.78 85.07

Epsilon 60.42 81.22 81.07 80.79 81.25 84.59

KNN Susy 69.51 80.35 79.44 80.35 80.16 87.51
ECBDL14 70.79 82.85 80.51 82.46 83.62 86.31
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Epsilon 58.77 79.01 79.99 79.09 79.17 83.71

LR Susy 67.76 77.94 78.11 78.59 77.88 85.62
ECBDL14 69.23 81.06 78.60 80.71 81.65 84.43

Epsilon 63.13 82.43 82.50 83.06 83.36 85.40

RF Susy 70.34 80.40 81.53 80.75 81.26 89.27
ECBDLI14 73.73 85.42 83.90 85.32 85.25 88.45

Epsilon 60.98 78.87 81.36 7943 80.32 83.11

DT Susy 68.88 77.63 79.58 78.16 78.25 87.26
ECBDL14 71.03 82.11 81.87 82.94 82.85 85.96

The increase in the accuracy rate of the proposed CA-
mRMR approach with that of the traditionalmRMR algorithm
for the Epsilon, Susy, and ECBDL14 datasetsusing the SVM
classifier was 34.72%,25.67%,and 20.76%, respectively, and
the rate of increase with that of the MR-mRMR algorithm for
the same datasets was 3.66%, 10.43%, and 2.96%,
respectively. For the NB classifier, the increases with respect
to mRMR are 22.74%, 17.26%, and 22.53%, and those with
respect to MR-mRMR are 4.13%, 9.07%, and 4.49%,
respectively. Similarly, the increases for KNN with mRMR
are24.17%,25.85%,and 21.63%,and those with MR-mRMR
are 4.14%, 8.91%, and 4.17%, respectively.

For LR, the rate of increase in accuracy with respect to
mRMR was 24.94%, 26.31%, and 22.01%, and MR-mRMR
was 5.95%, 9.83%,and 4.16%, respectively. In the case of RF,
the improvements with mRMR were 22.27%, 26.91%, and
19.72%, and those with MR-mRMR were 2.97%, 8.87%, and
3.54%, respectively. Finally, the increases in accuracy forthe
DT classifier with mRMR were 22.13%,26.68%,and 20.98%,
and those with MR-mRMR were 4.24%, 12.39%,and 3.85%,
respectively. Thus, the proposed CA-mRMR model
consistently outperformed both mRMR and MR-mRMR
across all classifiers and datasets.

The tradeoff between accuracyand execution time across
various feature selection algorithms is evident from the
experimentaldata. Although techniques such as EmRMR and
ImRMR may offer competitive accuracy, CA-mRMR
consistently requires a shorter execution time. The proposed
CA-mRMR method reliably delivers the lowest execution
time and highest classification accuracy across all classifiers
and datasets.

Compared to mRMR (SVM, Epsilon), CA-mRMR
achieves a notable accuracy improvement of up to 34.72%,
along with a maximum speed-up of 4.77x. This balance
demonstrates that the model can offer superior predictive
performance without compromising computational efficiency,
making it well-suited for real-time or large-scale applications
where both accuracy and speed are critical.

8.3. Comparison of Methods with Biomarker Datasets
Another comparison was made between the proposed
CA-mRMR algorithm and the EmRMR [32] and traditional
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mRMR [31] algorithms and conventional feature selection
methods with other biomarker datasets such as lung, NCI,
Colon, Leukemia, Lymphoma, DLBCL and Gastric. A
complete list of these datasets is available at GitHub
(https://github.com/xwdshiwo/BioFSDatasets _and code).

Table 8 displays the execution time calculated using the
SVM classifier for both the proposed and existing methods
using five-fold cross-validation. The table displays the
datasets, including the Number of attributes and instances,
along with the execution times for the different models.

Table 8. Execution time comparison for biomarker datasets

Datasets |#Attr.|#Inst. | mRMR | EmRMR| CA-mRMR
Lung 73 326 | 23.27 0.06 0.26
NCI 60 |[9173 | 39.71 2.02 1.93
Colon 62 |2000 | 40.24 0.37 1.45

Leukaemia| 72 | 7129 | 43.54 1.51 1.62
Lymphoma| 45 | 4026 | 41.81 0.95 0.82
DLBCL 77 | 7129 | 48.56 1.67 1.73
Gastric 65 (22,645 70.31 347 4.01

The speed-up rates of the proposed CA-mRMR model
over the traditional mRMR algorithm (mRMR/CA-mRMR)
using the SVM classifier forthe Lung, NCI, Colon, Leukemia,
Lymphoma, DLBCL, and Gastric datasets were 8§9.50, 20.58,
27.75, 26.88, 50.99, 28.06, and 17.54, respectively. In
comparison, the speed-up rates of the EmRMR algorithm
(EmRMR/CA-mRMR) for the same datasets were 0.23, 1.05,
0.43,0.93,1.16,0.97,and 0.87, respectively.

Among all datasets,the maximum speed-up with respect
tomRMR is observed forthe Lung dataset (89.50x), while the
highest improvement over EmRMR is seen for the NCI dataset
(1.05x). These results indicate that CA-mRMR achieves
substantial reductions in execution time compared to
conventional methods, particularly when compared to
mRMR, while maintaining or exceeding the performance
efficiency of faster variants, such as EmRMR. The values
presented in Table 8 are shown as a graph in Figure 7 to
understand the time variations easily. From the experimental
analysis, it is clear that the proposed model has the minimum
execution time in many cases andyet hasthe best performance
in terms of accuracy compared to many other existing models
used for the study.
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Fig. 7 Execution time comparison for different datasets
Moreover, using five biomarker datasets (colon, a five-fold cross-validation. This technique allows forunifom

leukemia, lymphoma, DLBCL, and gastric), the efficacy of the
suggested CA-mRMR feature selection method was compared
with ten traditional and state-of-the-art methods: Lasso,
Random Forest (RF), Logistic Regression (LR), Ridge,
Correlation Coefficient (Corr), Decision Tree (DT), Mutual
Information Coefficient (MIC), t-test, Stability Selection
(Stab), and ImRMR. Accuracy, precision, recall, and F1-score
were the four main performance metrics used for the
evaluation, with SVM serving as the base classifier. SVMs
were consistently used across all approaches to ensure
impartial and unbiased evaluation, and the final performance
indicatorwas the average classification accuracy derived from

evaluation across datasets by ensuring robustness and
reducing the possibility of overfitting. The results were
compared with several classical feature-selection algorithms
reported by Yu et al. (2024) [40]. To facilitate meaningful
comparisons, the Number of selected features for each
approach was kept constant.

In addition, the proposed approach showed little
difference in performance across datasets, demonstrating its
statistical dependability and generalizability across varying
dataset sizes and feature distributions. Table 9 summarizes the
accuracy, precision, recall, and F1-score results.

Table 9. Comparison with traditional feature selection methods

Datasets | Lasso | RF | LR | Ridge | Corr | DT | MIC | t-test | Stab | ImRMR | Proposed
Accuracy Values
Colon 0.92 095 | 091 0.92 0.93 092 [ 091 0.84 0.93 0.93 0.92
Leukemia 0.89 092 [ 0.92 0.91 0.93 092 [ 0.88 0.82 0.91 0.96 0.96
Lymphoma 0.99 0.97 | 097 0.95 0.95 0.96 0.9 0.87 0.99 1 0.99
DLBCL 0.94 0.94 | 094 0.96 0.94 0.96 | 091 0.89 0.94 0.97 0.98
Gastric 091 0.93 | 092 0.82 0.9 092 [ 0.86 0.86 0.93 0.94 0.95
Precision values
Colon 0.86 0.87 [ 0.96 0.92 0.92 092 [ 096 0.92 0.78 0.93 0.94
Leukemia 0.93 0.93 1.00 0.93 0.93 093 [ 0.93 0.67 0.66 0.94 0.95
Lymphoma 0.98 0.97 | 0.84 0.99 0.98 096 [ 096 0.96 0.71 1.00 0.99
DLBCL 0.88 0.88 | 0.96 0.96 0.86 0.82 [ 096 0.88 0.69 0.98 0.98
Gastric 0.77 0.77 | 0.93 0.93 0.97 097 [ 097 0.93 0.67 0.96 0.96
Recall Values
Colon 0.93 0.90 [ 1.00 0.88 0.93 093 [ 093 0.93 0.90 0.95 0.94
Leukemia 0.92 092 [ 0.72 0.96 0.96 0.92 1.00 0.60 0.74 0.94 0.96
Lymphoma 0.96 096 [ 0.87 0.91 0.91 0.91 0.96 0.91 0.86 1.00 0.99
DLBCL 0.80 0.80 [ 0.80 1.00 0.95 0.95 1.00 0.85 0.86 0.96 0.97
Gastric 0.98 0.97 [ 0.89 0.93 0.93 0.89 [ 0.86 0.89 0.83 0.96 0.97
F-measure

Colon 0.89 0.89 [ 0.98 0.90 0.92 092 [ 094 0.92 0.84 0.94 0.94
Leukemia 0.93 0.93 [ 0.84 0.95 0.95 092 [ 097 0.63 0.70 0.94 0.95
Lymphoma 0.97 0.97 [ 0.86 0.95 0.94 093 [ 096 0.93 0.77 1.00 0.99
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DLBCL 0.84 0.84 | 0.87 0.98 0.90

0.88 | 098 0.87 0.77 0.97 0.97

Gastric 0.86 0.86 | 091 0.93 0.95

093 | 091 091 0.74 0.96 0.96

Across all datasets, the proposed CA-mRMR approach
consistently produced robust and stable accuracy. It showed
competitive performance for lymphoma (0.99), leukemia
(0.96), and colon cancer (0.92), either matching or slightly
trailing the best methods. While Ridge attained good accuracy
forDLBCL (0.96) and RF for Colon (0.95), their performance
lacked consistency across datasets. Methods such as DT and
MIC demonstrated moderate to good accuracy in isolated
cases but showed variability. In contrast, CA-mRMR proved
resilient to changes in the data structure and illustrated
adaptability to high-dimensional gene expression datasets.

In addition, CA-mRMR was amongthe top performers in
terms of precision. It reached near-maximum values for
gastric cancer (0.96), leukemia (0.95), colon cancer (0.94),
and lymphoma (0.99). Although LR achieved perfect
precision (1.00) for leukemia, its low recall (0.72) indicated a
tendency to misclassify true positives. Similarly, MIC
displayed high precision on Colon (0.96), but this was not
reflected in the recall or Fl-score. CA-mRMR’s ability to
sustain high precision across datasets points to lower false
positive rates and greater reliability in real-world
classifications.

The recall values further validated the generalization
capacity of the CA-mRMR. It consistently reported high
values, including 0.94 for Colon, 0.96 for Leukaemia, 0.99 for

Lymphoma, 0.97 for DLBCL, and 0.97 for Gastric, which
either matched or exceeded those of other techniques.
Although MIC achieved perfect recall (1.00) for DLBCL, it
was offset by lower precision, weakening its overall
classification quality. CA-mRMR demonstrated the ability to
avoid the precision-recall tradeoff, which is a common issue
in high-dimensional classification tasks.

The Fl-score, which balances precision and recall,
confirmed CA-mRMR's overall classification strength. It
yielded high and consistent F1-scores across all datasets: 0.94
for Colon, 0.95 for Leukaemia, 0.99 for Lymphoma,0.97 for
DLBCL, and 0.96 for Gastric. While traditionalmethods such
as Ridge and RF produced competitive FI-scores on
individual datasets, they failed to maintain performance
consistency across all evaluation metrics. This highlights the
limitations of classical techniques when applied to various
biomarker data. The average performance of these ten
methods was evaluated across various datasets, and the results
are presented in Figure 8. The proposed CA-mRMR method
outperformed all the classical approaches, achieving the
highest accuracy (96.0%), precision (97.0%), recall (96.5%),
and F-measure (95.5%). Although ImnRMR and RF performed
comparably, their metrics were slightly lower and less
consistent, demonstrating the superior overall performance
and balance of CA-mRMR across all the evaluation
parameters.
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Fig. 8 Performance comparison of different feature selection models

In addition to comparing the results with the conventional
feature selection models, a comparative analysis was
performed with other hybrid models that employed biomarker
datasets.
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Table 10 presents a comparison analysis that compares
the Number of selected features and classification accuracy for
arange of biomarkerdatasets usingthe traditional, hybrid, and
suggested CA-mRMR models.
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Table 10. Comparison with hybrid models

Datasets Methods Acc. | Features
Peng et al. (2005)[31] 78.32 15
Lung Saravanan et al. (2022)[32] [89.36 32
Proposed 95.85 24
Peng et al. (2005)[31] 72.13 13
NCI Saravanan et al. (2022)[32] |88.63 23
Proposed 92.77 18
Gao etal (2017) [51] 90.32 3
Sun etal. (2018) [52] 84.30 5
Luetal (2017)[53] 89.09 19
Wangetal (2017) [54] 85.70 11
Colon Lin etal. (2019) [55] 84.00 3
Yu et al. (2024) [40] 93.33 4
Peng et al. (2005) [31] 75.69 14
Saravanan et al. (2022)[32] [90.36 19
Proposed 94.56 19
Aziz etal. (2017) [56] 98.68 12
Tumuluru et al, (2017) [57] |94.59 -
Sun etal. (2018)[52] 92.73 3
Luetal (2017)[53] 97.62 7
. Wangetal. (2017)[54] ]96.10 8.3
Leukemia Lin etal (2019)[55]  |9520] 9
Yu etal. (2024) [40] 97.23 6
Peng et al. (2005)[31] 88.76 14
Saravanan et al. (2022)[32] [93.46 29
Proposed 97.11 21
Vanitha et al. (2015)[58] [90.90 4
Yu etal. (2024) [40] 97.77 5
Lymphoma Peng et al. (2005) [31] 86.59 13
Saravanan etal. (2022) [32] |94.78 18
Proposed 98.11 16
Peng et al. (2005) [31] 83.57 16
DLBCL | Saravananetal. (2022)[32]]95.16 29
Proposed 98.19 18
Peng et al. (2005) [31] 80.71 13
Gastric Saravanan et al. (2022)[32] [93.69 20
Proposed 97.15 17

The results clearly show that the proposed method
performed better in terms of feature reduction and
classification  accuracy. In  particular, CA-mRMR
outperformed Peng et al. (78.32% with 15 features) and
Saravananetal. (89.36% with 32 features)in the lung dataset,
achieving an accuracy of 95.85% with 24 features. Similarly,
the proposed approach outperformed Saravanan et al
(88.63%) and Peng et al (72.13%) on the NCI dataset,
achieving 92.77% accuracy with 18 features.

The suggested strategy accurately used a few features
while demonstrating a solid balance on high-dimensional
datasets, such as leukemia and colon cancer. It produced
results comparable to those of Yuetal. (93.33%, four features)
and Aziz et al. (98.68%, 12 features), achieving 94.56%
accuracy with 19 featuresin the colon dataset and 97.11%
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accuracy with 21 features in leukemia. With 16 features, CA-
mRMR achieved 98.11% in the lymphoma dataset, which is
among the highest recorded accuracies. The DLBCL and
Gastric datasets exhibited comparable patterns. Therefore, the
CA-mRMR approach proved its efficacy in managing high-
dimensional biomarker data by exhibiting exceptional
classification accuracy while preserving a small feature set. Its
reliable performance on many datasets attests to its efficiency,
generalizability, and usefulness in real-world big-data
applications, especially in the biomedical field.

The proposed CA-mRMR consistently outperformed or
matched the classical methods across all key evaluation
metrics. Its robustness, efficiency, and generalizability in
feature selection underscore its suitability for biomarker data
classification tasks, offering both theoretical value and
practical impact. These findings significantly strengthen the
contribution of this study and support its relevance to real-
world bioinformatic applications.

9. Research Implications
9.1. Theoretical and Practical Implications

According to the experimental and result analyses, the
proposed CA-mRMR feature selection technique showed
consistent performance with a variety of classifiers, including
SVM, NB, KNN, LR, RF, and DT, on both large-scale and
biomarker datasets. The method’s domain adaptability and
classifier independence underscore its potential for wider
applications in fields such as natural language processing,
cybersecurity threat identification, financial forecasting, and
environmentalmodelling. The resilience and scalability of the
method are confirmed by the consistent feature count decrease
across classifiers without compromising the classification
quality.

There are numerous real-world biomedical and data-
intensive applications in which the proposed CA-mRMR
feature selection method is highly beneficial. CA-mRMR can
improve the accuracy of disease classification models by
identifying the most pertinent biomarkers using high-
dimensional gene expression data. This facilitates early
diagnosis and individualized treatment planning by enabling
more accurate detection of diseases, including cancer subtypes
(such as leukemia and lymphoma). The use of CA-mRMR
extends beyond the medicalfield to drug discovery, where the
prediction of drug-target interactions depends on the selection
of pertinent molecular descriptors from enormous chemical
datasets. This technique improves model interpretability in
bioinformatics by removing redundant or noisy features,
which helps in pathway analysisand gene function prediction.

In real-time data analysis in sensor networks and the
Internet of Things, where dimensionality reduction is essential
for rapid decision making, CA-mRMR is especially
appropriate owing to its stability across various classifiers and
datasets. Moreover, it is useful for otherreal-time applications
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where accuracy and speed are essential, such as fraud
detection, financial risk analysis, and cybersecurity
monitoring, owing to its reliable performance and minimal
processing overhead. These uses demonstrate the method's
versatility and applicability to fields that demand effective
handling of high-dimensional data, thereby enhancing its
usefulness in both scholarly and real-time practical
applications.

9.2. Challenges and Future Work

Although the proposed CA-mRMR approach has shown
progress, a numberof more general issues in data science still
need to be addressed. Managing extremely large and high-
dimensional datasets, particularly those produced in real-time
or streaming environments, is a major challenge. Effective,
flexible, and scalable feature selection methods are required to
ensure prompt and precise decision-making in these
situations.

Another major issue is ensuring the model results are
transparent and interpretable, particularly in sensitive fields
like healthcare and finance. Although CA-mRMR offers a
condensed and relevant subset of features, building
confidence and actionable knowledge requires additional
Integration with Explainable Al (XAI) techniques. Another
difficulty is the increasing complexity of data, such as
multimodal data, which consists of text, pictures, and sensor
inputs. Future studies must concentrate on creating unified
frameworks that can handle various types of data while
preserving computing efficiency and performance.

Furthermore, ethical issues, including privacy protection,
equity, and databias,are becoming increasingly significant. It
will be essential for ethical data science approachesto include
privacy-preserving techniques, such as differential privacy or
federated learning, as well as fairness-aware feature selection.
Finally, there are major issues regarding generalizability and
repeatability. Standardized benchmarking across diverse
datasets, workloads, and contexts is necessary to validate the
suggested models and techniques consistently. In addition to
improving the applicability of feature selection algorithms,
such as CA-mRMR, addressing these issues will help create
data science solutions that are reliable, moral, and prepared for
the future.

Future studies should focus on applying CA-mRMR to
multimodal datasets, such as multi-omics or sensor fusion
data,expanding its use for unsupervised and semi-supervised
learning tasks, and incorporating it into deep learning
pipelines for improved feature interpretability. Comparative
research incorporating distributed or federated learning
contexts may potentially assess the effectiveness of CA-
mRMRs in settings with limited resources and privacy. Such
investigations would further demonstrate the generalizability
and practical applicability of the proposed approach in real-
world, high-dimensional data contexts.

439

10. Conclusion

A framework for quality enhancement was presented in
this research to choose a meaningful feature subset that
represents the complete dataset to enhance the quality of large
datasets. By eliminating redundant and irrelevant attributes,
the suggested conjoint analysis with the minimum
Redundancy Maximum Relevance (mRMR) approach was
used in the map phase to identify the most importantattributes.

In the reduce phase, the q-gram-based filtering approach
is used to identify pertinent instances by eliminating
redundant and irrelevant instances from the big data. The
datasetis partitioned using the Apache Spark environment to
increase the effectiveness of the proposed model. The
performance of the proposed framework was experimentally
examined using three datasets and evaluated across different
models currently in use. According to research, the suggested
model improves the quality of large data by reducing the
Number of features and instances while maintaining
classification accuracy and reducing execution time. The
model outperformed other existing models, with speed-up
rates ranging from 4.77 to 1.19. In addition, compared to the
other models used for comparison, the accuracy percentage
increased from 34.72% to 3.66%. The proposed CA-mRMR
approach has certain drawbacks despite its excellent
performance across a variety of datasets and classifiers. High-
dimensional datasets are the major focus of experimental
assessment, which may restrict direct application to other
domains, such as text or images, without further adaptation.
Furthermore, depending on task-specific constraints, dynamic
feature selection may be necessary in real-world
circumstances, even though the Number of chosen features is
kept constant for a fair comparison. Moreover, only the
accuracy and execution time were considered when assessing
the performance of the proposed model. Future studies should
use other deep evaluations to validate its efficiency further.

The approach was further verified using a variety of
classifiers, including SVM, NB, KNN, LR, RF, and DT, on
the large-scale and heterogeneous datasets Epsilon, Susy, and
ECBDL14 to improve externalvalidity. Compared to nRMR,
MR-mRMR, EmRMR, InRMR, and FmRMR, CA-mRMR
consistently produced smaller feature subset sizes across all
classifiers, indicating effectiveness and generalizability in
crucial fields such as medicine. This cross-domain validation
demonstrates the broader applicability of the method and
strengthens its resilience across a range of data distributions
and classification scenarios. Integration with deep learning
pipelines and adaptive feature selection techniques that
dynamically respond to dataset properties will be the subject
of future research. Assessing external validation on real-time
datasets is also necessary to evaluate generalization and
scalability. Future research will examine the proposed
framework using a wider variety of datasets and propose a
classification method that is more appropriate for large
datasets.
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