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Abstract:

Feature selection is crucial for improving model performance and reducing computational costs in
machine learning and data mining. This paper proposes a vertically distributed feature selection
methodology to handle large datasets efficiently across distributed systems. We implemented the method
using mutual-information-based metrics and redundancy minimization techniques. Experiments on the
Wine dataset demonstrate that the proposed method outperforms centralized feature selection in terms of
accuracy, computational time, and feature redundancy. This approach offers a scalable and effective

solution for feature selection in distributed data mining environments.

Keywords — Distributed Feature Selection, Vertical Partitioning, Mutual Information, mRMR,
Distributed Data Mining, Scalable Feature Selection.
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I. INTRODUCTION

Feature selection is a critical step in data mining
and machine learning that aims to select relevant
features while reducing the dimensionality of the
dataset. This step not only enhances model
performance but also reduces computational costs,
making the analysis of large datasets more feasible.
Traditional centralized feature selection methods,
although effective in small to moderate-sized

datasets, struggle with large datasets due to
computational and storage limitations. The
increasing volume and complexity of data

generated in various domains necessitate the
development of distributed feature selection
methods that can leverage the power of distributed
computing environments.

Distributed feature selection methods have
emerged as a solution, leveraging distributed
systems to handle vast amounts of data efficiently.

These methods aim to distribute the computational
load across multiple nodes, thus ensuring scalability
and efficiency. However, most existing distributed
methods focus on horizontal distribution, where
data is split across instances. Vertical distribution,
where data is split across features, remains
relatively underexplored. This paper proposes a
vertically distributed feature selection methodology,
addressing the challenges of scalability and
redundancy in feature selection.

II. LITERATURE REVIEW

Several approaches have been proposed for
feature selection in distributed environments. One
study introduced a vertically distributable feature
selection method using mutual-information-based
metric distances to handle large datasets effectively
[9]. Their approach demonstrates how vertical
distribution can be applied to improve feature
selection scalability. Another study proposed a
distributed feature selection approach using
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quadratic programming within Apache Spark,
showcasing robust performance in distributed
settings  [10]. This method leverages the
computational capabilities of Apache Spark to
perform efficient feature selection. A technique
called ADAGES, an adaptive aggregation method
with stability for distributed feature selection,
focuses on maintaining feature stability during the
aggregation process in distributed environments
[11]. This approach enhances feature reliability and
consistency, which is crucial for distributed data
mining. Another study applied distributed feature
selection to microarray data, effectively addressing
the high dimensionality and limited sample size
problem commonly encountered in such datasets
[12].

Another proposed a privacy-preserving feature
selection framework wusing a voted wrapper
approach, ensuring data privacy while effectively
selecting relevant features in a distributed setting
[13]. This method is particularly important for
scenarios where data privacy is a concern. Another
work focused on time efficiency in distributed
feature selection, proposing a method that balances
computational load and significantly reduces
processing time without compromising feature
quality [14]. A comparison between centralized and
distributed feature selection methods highlighted
the advantages of distributed approaches in
handling complex datasets and providing scalability
benefits [15]. The study emphasizes the potential of
distributed methods to outperform centralized ones
in terms of efficiency and scalability. Another
research explored the application of distributed
feature selection in economic big data analysis,
demonstrating improvements in data handling and
processing speed for economic datasets [16].

Additionally, the effectiveness of distributed
diversity maximization techniques in feature
selection was reaffirmed, highlighting
improvements in scalability and performance [1].
Another proposed a method for multiview feature
selection in a distributed learning environment,
enabling efficient processing and selection of
features from multiple views of data [17]. These
studies collectively contribute to the development
of distributed feature selection methods, each
addressing different aspects of the problem and

demonstrating the potential benefits of distributing
the feature selection process across multiple nodes.
The implementation of a distributed computing
architecture aims to improve the efficiency and
scalability of decision tree induction techniques. It
utilizes parallel processing across distributed
systems, which decreases the amount of time
needed for computations and ensures the accuracy
of data. This approach tackles the difficulties
associated with centralized data collecting in data
mining [2].

This study proposes a novel technique for
achieving a balance between accuracy and
interpretability in prediction models. It involves
utilizing an ensemble method that integrates Neural
Networks, Random Forest, and Support Vector
Machines. The suggested method seeks to combine
the high accuracy of opaque models with the
interpretability of transparent models, resulting in a
comprehensive and effective decision-making tool
[3]. An innovative approach that combines hybrid
feature-weighted rule extraction with advanced
explainable Al approaches to improve model
transparency while maintaining high performance.
This approach has been confirmed by studies on
various datasets, showing substantial enhancements
in both accuracy and interpretability [4].

A technique for improving computational
efficiency and scalability in data mining is achieved
by employing distributed data mining with the use
of MapReduce. By harnessing the distributed
computing capabilities of MapReduce, this strategy
greatly enhances the efficiency of decision tree
induction approaches. This highlights its potential
to transform the way large-scale data processing is
carried out [5]. An amalgamation of OpenMP and
PVM to augment distributed computing. This
hybrid strategy seeks to fill the gaps in studies on
scalability, fault tolerance, and energy efficiency. It
aspires to achieve better performance and resource
usage compared to employing either methodology

individually [6]. A unified framework that
combines SHMEM's efficient communication
capabilities with Charm++'s adaptive load

balancing to enhance the performance of real-time
data analytics in distributed systems. The combined
system exhibits substantial enhancements in latency,
throughput, and scalability, rendering it a feasible
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solution for managing extensive, real-time data
processing activities [7].

Combining Apache Storm and Spark Streaming
with Hadoop to improve the ability to process real-
time data. This strategy seeks to reduce the delay
problems linked to Hadoop's batch processing,
providing enhanced efficiency and performance in
distributed data mining environments [8]. An
extensive approach to improve the management of
resources and scheduling in Apache Spark. The
technique seeks to maximize resource consumption
and increase performance indicators like job
completion times, throughput, and data locality by
integrating dynamic resource allocation, fair
scheduling, workload-aware scheduling, and
advanced executor management [18]. A hybrid
communication model that integrates ZeroMQ and
MPI-2 to optimize performance and scalability in
distributed data mining systems. The methodology
leverages ZeroMQ for high-level coordination and
MPI-2 for low-level parallel computation, resulting
in significant improvements in execution time,
throughput, and resource utilization [19]. a hybrid
clustering model that enhances efficiency and
scalability in distributed data mining systems by

integrating centralized and decentralized techniques.

This approach significantly improves performance
metrics, such as processing time and resource
utilization, and effectively manages large-scale data
distribution across multiple nodes [20]. High-
dimensional data poses significant challenges in
Distributed Association Rule Mining (DARM),
including increased computational complexity and
execution time [21].

III. MOTIVATION

Despite the advancements, existing methods
often struggle with redundancy handling and
scalability in vertically distributed settings. The
present research differentiates itself by proposing a
comprehensive methodology that integrates mutual-
information-based metrics, greedy algorithms, and
optimization techniques to handle vertical data
distribution effectively. This approach aims to
minimize redundancy and improve scalability,
offering a robust solution for feature selection in
distributed environments.

IV.  METHODOLOGY

The proposed vertically distributed feature
selection methodology comprises the following
steps:

1. Data Partitioning: Vertically partition the
dataset into multiple subsets distributed across
nodes.

2. Local Feature Selection: Each node
calculates mutual information for its local features
and applies Maximum Relevance Minimum
Redundancy (mRMR) to select top features.

3. Intermediate Results Sharing: Nodes share
selected features and mutual information values
with a central coordinator.

4. Global Feature Selection: The central
coordinator aggregates mutual information values
and employs a greedy algorithm to select features
that maximize global mutual information while
minimizing redundancy.

5. Approximation and Optimization: Use
approximation algorithms to refine feature selection
and ensure computational efficiency.

6. Validation: Conduct empirical validation on
various datasets to evaluate performance.

Proposed Architecture

The architecture integrates several key
components to efficiently handle large datasets
across distributed systems (Fig. 1).
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Local Reduncancy Handing
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Fig. 1 Proposed Architecture for Vertically Distributed Feature Selection

Algorithm:

The algorithm for the proposed vertically
distributed feature selection method is as follows:
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Input:

e D: Dataset
e k: Number of features to select
e M: Number of nodes

Output:
e S: Selected feature subset

1. Data Partitioning:

o Partition the dataset D vertically into
M subsets D1,D2,....DM  such that
each subset contains a unique subset
of features.

2. Local Feature Selection:
o Foreach node i€{1,2,....M}i\in \{1,
2, ..., M\}i€{1,2,.. . M}:

= Calculate mutual information
(MI) for each feature in Di
with respect to the target
variable.

= Apply Maximum Relevance
Minimum Redundancy
(mRMR) locally to select the
top features from Di  based
on relevance and redundancy.

3. Intermediate Results Sharing:

o Each node i sends the selected
features and their MI values to a
central coordinator.

4. Global Feature Selection:

o The central coordinator aggregates
the received MI values from all
nodes.

o Implement a greedy algorithm to
select k features that maximize the
global MI while minimizing
redundancy:

» Initialize an empty set S.
=  While |SI<k|S| < k|S|<k:
= Select the feature f
with the highest
global MI that does
not increase
redundancy in S.
= AddftoS.
5. Approximation and Optimization:

o Use approximation algorithms to
refine the selected features and
ensure computational efficiency.

6. Empirical Validation:

o Validate the selected feature subset S
on various datasets to evaluate the
performance in terms of scalability,
accuracy, and efficiency.

V.RESULTS

Experiments were conducted using the Wine
dataset to compare the proposed method with
centralized mRMR. The results are summarized in
the following tables (Table 1 & 2) and figures.

TABLE I
PERFORMANCE COMPARISON
Method Selected Accuracy Time
Features (seconds)
Centralized mRMR | [11,9, 12,10, | 0.962963 0.062938
6]
Distributed mRMR | [1,0, 1, 3, 1] 0.851852 | 0.059862
TABLE II
REDUNDANCY COMPARISON
Method Redundancy
Centralized mRMR 0.433767
Distributed mRMR 0.395852
Accuracy Comparison
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Fig. 2 Performance Metrics
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Figure 2 shows the accuracy and computational
time for the centralized and distributed mRMR
methods. The blue bars represent the accuracy,
while the red line with markers indicates the

computational time.
Redundancy Comparison
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o
w

Redundancy

o
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0.0 Distributed mRMR

Centralized mRMR

Method

Fig. 3 Redundancy Comparison

Figure 3 illustrates the redundancy for the
centralized and distributed mRMR methods.

VI.  DISCUSSION

The experimental results demonstrate that the
proposed vertically distributed feature selection
method achieves competitive accuracy compared to
the centralized mRMR method while offering
significant advantages in terms of computational
efficiency and reduced feature redundancy. The
accuracy achieved by the distributed mRMR
method was slightly lower than that of the
centralized method; however, the reduction in
computational time and feature redundancy
compensates for this difference, especially in large-
scale distributed environments.

The distributed mRMR method shows a notable
reduction in redundancy, indicating better quality of
the selected features. This reduction in redundancy
is crucial in distributed settings where
communication overhead and computational load
need to be minimized. The proposed method's
efficiency in handling vertical data distribution and
redundancy minimization makes it a robust solution
for feature selection in distributed data mining
environments.

VII. CONCLUSION

This paper presents a novel vertically distributed
feature selection methodology that effectively

addresses the challenges of scalability and
redundancy in distributed data mining environments.
The proposed approach leverages mutual-

information-based metrics, greedy algorithms, and
optimization techniques to select relevant features
efficiently. Experimental results validate the
effectiveness of the method, showing improvements
in accuracy, computational time, and feature
redundancy over centralized methods. This
approach offers a promising solution for feature
selection in large-scale distributed systems,
ensuring scalability and robustness.

VIII. FUTURE WORK

Future research can explore several directions to
further enhance the proposed methodology.
Integrating advanced privacy-preserving techniques
can enhance data security during feature selection,
ensuring that sensitive data remains protected.
Extending the methodology to handle real-time data
streams and dynamic feature selection can improve
its applicability to scenarios where data is
continuously generated, such as IoT environments.
Additionally, adapting the method for specific
applications, such as healthcare and finance, can
demonstrate its versatility and effectiveness across
different domains. Finally, combining feature
selection with explainable AI techniques can
improve the interpretability and transparency of
machine learning models, making the results more
accessible and understandable to stakeholders.
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