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Abstract: The continuous influx of data in real-time applications necessitates advanced methodologies for data stream mining,
particularly focusing on dynamic feature selection and model updating. This paper explores the application of machine learning
techniques in data stream environments, aiming to address the challenges posed by the non-stationary nature of data streams.
Dynamic feature selection methods, which identify relevant features in real-time, are crucial for maintaining the efficiency and
accuracy of predictive models. Concurrently, model updating strategies ensure that machine learning models evolve with incoming
data, adapting to changes and preserving their predictive performance. We review various approaches, including data life-aware
model updating, hybrid batch-stream processing, and automated machine learning, and discuss their applications in fields such as
10T data analytics and network traffic management. By integrating these advanced techniques, this study provides a comprehensive
overview of maintaining robust and accurate models in dynamic data stream environments.

IndexTerms — Dynamic Feature Selection, Data Stream Mining, Concept Drift Detection, Real-time Data Analytics.

1. Introduction

Data stream mining is a crucial area within machine learning, focusing on the real-time analysis and processing of continuous
data flows. Unlike traditional batch processing, which handles static datasets, data stream mining deals with dynamically generated
data that can be potentially unbounded. This field addresses the challenges of continuously evolving data, which requires adaptive
algorithms capable of real-time feature selection and model updating to maintain the accuracy and relevance of machine learning
models.
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Figure 1.1: Data stream mining algorithm [23]

1.1 Challenges in Data Stream Mining
a) Dynamic Nature of Data Streams

The dynamic nature of data streams means that data distributions can change over time, a phenomenon known as concept drift.
This drift poses significant challenges for traditional machine learning models, which are typically trained on static datasets and
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may not adapt well to changes in the underlying data distribution. To address this, data stream mining requires algorithms that can
dynamically update both features and models in response to new data.

b) Scalability and Efficiency

Another key challenge is scalability. Data streams can generate massive amounts of data at high velocity, necessitating efficient
algorithms that can process data in real-time without excessive computational overhead. Traditional batch processing methods often
fail in this regard because they are not designed to handle continuous, high-volume data streams.

2. Dynamic Feature Selection in Data Stream Mining

Dynamic feature selection is a pivotal process in data stream mining that addresses the challenge of managing high-dimensional
streaming data. The dynamic nature of data streams means that the relevance of features can fluctuate over time, making it crucial
to continually adapt the feature set to maintain model performance. Two prominent techniques in dynamic feature selection are
online feature selection and incremental feature grouping.

2.1 Online Feature Selection

Online feature selection involves the continuous evaluation and updating of the feature set as new data points arrive. This method
is designed to adapt to the dynamic nature of streaming data by selecting the most relevant features in real-time, thereby enhancing
model accuracy and efficiency.

An innovative online streaming feature selection method that groups feature incrementally based on their relevance [8]. This
approach significantly reduces computational overhead while maintaining high model accuracy. The method evaluates the
importance of each feature dynamically, ensuring that only the most pertinent features are retained for model training and prediction,
thus avoiding the pitfalls of feature redundancy and irrelevance.

A comprehensive review of feature selection techniques for online streaming high-dimensional data [2]. They highlight various
state-of-the-art methods, including those that employ statistical and machine learning-based criteria to select features dynamically.
These techniques help in handling the evolving nature of data streams by continuously adapting the feature set to reflect the most
current data distribution.

2.2 Incremental Feature Grouping

Incremental feature grouping is another effective technique for dynamic feature selection. This method involves grouping
features incrementally, which allows the model to adapt efficiently to changes in the data stream. By managing the high
dimensionality of the data, incremental feature grouping ensures that the model remains scalable and efficient over time.

A dynamic feature selection approach that integrates intelligent model serving for hybrid batch-stream processing [3]. This
method not only adapts to the changing feature relevance but also optimizes the processing of large-scale data streams by combining
batch and stream processing advantages.

An extensive review of feature subset selection techniques for data and feature streams [4]. They discuss various algorithms and
methodologies that incrementally group features based on their evolving importance. This incremental approach helps in
maintaining a manageable feature set, thereby improving the model's scalability and computational efficiency.

3. Model Updating Strategies

Model updating strategies are essential for maintaining the performance of machine learning models in dynamic environments
where data distributions may shift over time. These strategies are crucial to ensure that models remain accurate and relevant as they
encounter new data patterns and concept drifts. Here, we explore three prominent model updating strategies: Data Life Aware
Model Updating, Hybrid Batch-Stream Processing, and Automated Machine Learning (AutoML).

3.1 Data Life Aware Model Updating

The data life aware model updating strategy focuses on updating the model based on the lifespan of data points. This approach
prioritizes the retention of the most relevant information while discarding outdated data, thereby enhancing model performance
over time. Method to address the challenge of maintaining model accuracy in environments where data can quickly become obsolete
[1]. By continuously evaluating the relevance of data points, the model can dynamically adjust to reflect the most current and
pertinent information, ensuring that outdated or less significant data does not negatively impact model performance.

For instance, in scenarios where data streams are subject to rapid changes, such as financial markets or real-time sensor data,
this strategy proves invaluable. It allows models to remain adaptive and responsive to new trends and patterns, maintaining high
levels of accuracy and reliability.

JETIR2407688 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org \ g779


http://www.jetir.org/

© 2024 JETIR July 2024, Volume 11, Issue 7 www.jetir.org (ISSN-2349-5162)

Traditional ML training AutoML
workflow workflow

Define
problem Define
problem
Collect data

AutoML Collect data
s Preprocess
Train model data

Figure 3.1: Data Life Aware Model Updating

3.2 Hybrid Batch-Stream Processing

Hybrid batch-stream processing combines the advantages of traditional batch processing with the real-time capabilities of stream
processing. This method, proposed by Pishgoo et al. (2022) [3], allows for efficient handling of large volumes of data while ensuring
timely updates to the model. The hybrid approach leverages the robustness of batch processing to handle historical data and the
agility of stream processing to integrate new data points continuously.

This strategy is particularly effective in environments where both historical and real-time data are crucial for decision-making.
For example, in predictive maintenance for industrial equipment, historical data provides context and baseline performance metrics,
while real-time data enables immediate detection and response to anomalies. By integrating both data types, the model can offer
more comprehensive insights and predictions, balancing long-term trends with immediate variations .

3.3 Automated Machine Learning (AutoML)

Automated Machine Learning (AutoML) is a powerful approach that automates the process of model selection, hyperparameter
tuning, and feature engineering. The application of AutoML in dynamic environments, emphasizing its ability to adapt and optimize
models continuously [5]. AutoML systems leverage machine learning algorithms to automatically identify the best model
architecture and configuration for the given data, reducing the need for manual intervention and expertise.

In dynamic environments where data characteristics can change rapidly, AutoML offers significant advantages. It can quickly
retrain and adjust models in response to new data, ensuring that the most effective and up-to-date model is always in use. This
capability is particularly useful in applications such as loT data analytics, where data streams from various sensors can exhibit
diverse and evolving patterns. By automating the model adaptation process, AutoML enhances the scalability and robustness of
machine learning systems in real-time settings.

Figure 4.1: Automated Machine Learning [22]

4. Concept Drift Detection

Concept drift refers to the changes in the statistical properties of the target variable that the model is predicting, which can
significantly affect model performance. Detecting and adapting to concept drift is crucial for the success of data stream mining.
Here are detailed insights into two key approaches for handling concept drift:
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Figure 4.1: Drift Detection [21]
4.1 Recurring Drift Detection

Recurring drift detection involves identifying and responding to drifts that repeat over time. Methods for detecting recurring
drifts and selecting appropriate models based on past occurrences of similar drifts [13]. This approach leverages historical data to
recognize patterns in the drift, allowing for the anticipation and adaptation to future changes. By maintaining a repository of past
drifts and the corresponding model adjustments, the system can quickly switch to previously successful models when similar drifts
occur again. This method enhances model robustness and stability, ensuring that performance remains consistent even in the face
of recurring changes in the data stream.

4.2 Dynamic Multi-Objective Evolutionary Algorithms

A framework based on dynamic multi-objective evolutionary algorithms (MOEAS) to handle feature drifts in data streams [17].
This method allows for continuous adaptation of the feature set and the model to ensure optimal performance. The framework
operates by simultaneously optimizing multiple objectives, such as accuracy and processing time, under changing data conditions.
By employing evolutionary strategies, the algorithm can evolve the feature selection and model parameters over time, ensuring that
the system adapts to new data distributions effectively. The dynamic nature of MOEAs makes them particularly well-suited for
environments with frequent and unpredictable changes, as they can explore a wide range of solutions and converge on the most
effective configurations for the current data stream.

5. Methodology

The methodology for applying machine learning in data stream mining involves several key steps, each essential for maintaining
the integrity and accuracy of the models in dynamic environments.

Data Preprocessing: Initial preprocessing of data streams is critical for handling noise, missing values, and outliers, which ensures
data integrity. Effective preprocessing techniques are necessary to prepare the data for further analysis and model training. These
steps include filtering out irrelevant data, imputing missing values, and normalizing the data to ensure consistency across the stream
[10].

Dynamic Feature Selection: Implementing algorithms for dynamic feature selection helps identify the most relevant features in
real-time, improving model performance and reducing computational overhead. Dynamic feature selection algorithms [7], enable
the model to focus on the most informative features, thereby enhancing predictive accuracy and efficiency.

Model Updating: Continuously updating the machine learning model as new data arrives ensures the model adapts to changes in
data distribution, maintaining its predictive accuracy. A data life-aware model updating strategy that adjusts the model based on the
lifecycle of the incoming data, ensuring the model remains relevant over time [18].

Handling Concept Drift: Detecting and adapting to concept drift is essential for maintaining the relevance of the model in a
changing environment. Concept drift occurs when the statistical properties of the target variable change over time, which can
degrade model performance. Techniques such as incremental learning and ensemble methods are often used to address this
challenge. An extensive review of methods for managing recurring concept drifts, emphasizing the need for adaptive strategies to
maintain model accuracy in the presence of evolving data streams [6].
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6. Applications of Dynamic Feature Selection and Model Updating in Data Stream Mining

loT Data Analytics

The application of dynamic feature selection and model updating techniques in Internet of Things (IoT) environments facilitates
the efficient processing and analysis of vast amounts of data generated by loT devices. These techniques enable real-time decision-
making and predictive maintenance, crucial for optimizing performance and preventing potential failures. By leveraging automated
machine learning (AutoML) frameworks [5], 10T systems can adaptively select relevant features and update models to reflect the
latest data trends, thus enhancing their responsiveness and accuracy.

Network Traffic Management

In software-defined networks, the implementation of dynamic feature selection and model updating significantly improves the
classification and management of network traffic. This leads to enhanced network performance and security. Improved feature
selection methods could boost the accuracy and efficiency of stream traffic classification, ensuring that network operations remain
robust and secure against evolving threats [7].

Real-Time Data Analysis

Industries such as finance, healthcare, and manufacturing benefit immensely from real-time data analysis enabled by dynamic
feature selection and model updating. These techniques provide timely insights and facilitate proactive measures, which are critical
in dynamic and high-stakes environments. For instance, A hybrid batch-stream processing framework that optimizes feature
extraction and model deployment, proving particularly beneficial for real-time analytics in these sectors [11]. Furthermore, the
ability to handle concept drift [9], ensures that models remain accurate and relevant despite changes in data patterns, which is
essential for maintaining the reliability of real-time decision-making systems.

7. Methodologies for Dynamic Feature Selection and Model Updating in Data Stream Mining

Table 7.1: Summary of Methodologies for Dynamic Feature Selection and Model Updating in Data Stream Mining

References

Methodology/Dataset

Tasks/Objectives

Techniques/Approache
s

Accuracy/Performanc
e

Agrahari S, Singh
AK. (2022) [12]

Concept Drift
Detection

Feature Selection and
Drift Detection

Literature Review on
Data Stream Mining

Various accuracies
reported

Li P, Wu M, He J,
Hu X. (2021) [13]

Ensemble
Classification for Data
Streams

Model Selection with
Unlabeled Data

Recurring Drift
Detection and Ensemble
Methods

High accuracy in
different scenarios

Almusallam N, Tari
Z, Chan J, et al.
(2021) [14]

Unsupervised Feature
Selection

Dynamic Feature
Selection

Unsupervised Methods
for Feature Selection

Improved feature
relevance

Li Y, Zhang M,
Wang W. (2018)
[15]

Incremental High-
Order Deep Learning

Real-time Stream
Analysis

Incremental Learning
with Deep Models

Effective for real-time
analysis

Gomes HM, Bifet A,
Read J, et al. (2017)
[16]

Adaptive Random
Forests

Evolving Data Stream
Classification

Adaptive Random Forest
Algorithms

High adaptability and
accuracy

Din SU, Shao J,
Kumar J, et al.
(2021) [18]

Novel Class Detection

Data Stream
Classification

Review and Comparison
of Novel Class Detection
Methods

Various accuracies
reported

Singh MN, Khaiyum
S. (2021) [19]

Meta-Learning with
Concept Drift

Continuous Learning
and Classification

Optimized Weight
Updated Meta-Learning

Enhanced accuracy with
concept drift

Benczir AA, Kocsis
L, Palovics R.
(2018) [20]

Online Machine
Learning

Big Data Streams
Analysis

Online Learning
Algorithms for Big Data

Effective for large-scale
data streams
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8. CONCLUSION

The application of machine learning in data stream mining, particularly through dynamic feature selection and model updating,
offers significant advantages in handling the continuous and evolving nature of data streams. By adopting these techniques,
organizations can enhance their data processing capabilities, maintain model accuracy, and derive actionable insights in real-time.
This is particularly crucial in domains such as lIoT data analytics, where the ability to process and analyze vast amounts of data
generated by 10T devices in real time can enable timely decision-making and predictive maintenance. In the realm of network traffic
management, dynamic feature selection and model updating can significantly improve the classification and management of
network traffic, leading to enhanced network performance and security.

Furthermore, industries such as finance, healthcare, and manufacturing benefit immensely from real-time data analysis enabled by
these advanced techniques. In finance, for example, the ability to process streaming data allows for the detection of fraudulent
activities as they occur, providing a robust mechanism for safeguarding financial transactions. In healthcare, real-time analysis can
facilitate timely diagnosis and treatment by continuously monitoring patient data. In manufacturing, dynamic feature selection and
model updating can optimize production processes, predict equipment failures, and minimize downtime.

By leveraging machine learning for dynamic feature selection and model updating, organizations can stay ahead in a data-driven
world, ensuring that their systems are adaptive, resilient, and capable of making informed decisions swiftly. This not only improves
operational efficiency but also enhances the ability to respond to emerging challenges and opportunities in various sectors.
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