
Highlights in Science, Engineering and Technology CSIC 2024 

Volume 124 (2025)  

 

432 

A Comprehensive Study on the Application of Data 
Visualization in Feature Selection 

Ziyi Fu * 

Hangzhou Jinqiu A-Level College, Hangzhou, Zhejiang, 310000, China 

* Corresponding Author Email: doicho_@outlook.com 

Abstract. Feature selection is a critical step in machine learning and data analysis, where reducing 
the dimensionality of data helps to enhance model performance and interpretability. This paper 
provides a comprehensive review of the application of various data visualization techniques in 
feature selection, such as scatter plots, heatmaps, parallel coordinates, etc. These visual methods 
not only help in identifying key patterns but also aid in assessing the relevance and interactions 
between features. Visualization provides a clearer understanding of the data, facilitating more 
informed decisions during the feature selection process. Despite its importance, gaps remain in the 
existing literature, particularly regarding the scalability of visualization tools for large datasets. This 
review highlights these challenges and suggests potential research directions, including the 
development of advanced visualization methods tailored to complex datasets. Overall, the findings 
of this paper offer valuable insights for improving feature selection practices, leading to more efficient 
and accurate machine learning models to do better data analysis. 
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1. Introduction 

In today's era of massive data, extracting important features from massive data sources has become 

an indispensable task. This process not only helps to simplify the complexity of the model, but also 

effectively prevents overfitting, making data analysis more intuitive and easy to understand. Whether 

the key features can be accurately identified from complex data has a profound impact on the 

effectiveness of model selection and data evaluation [1,2]. 

Visual presentation plays a crucial role in this process. It provides an intuitive platform for data 

explorers to identify patterns in the data, visually study the correlation between features, and 

understand the interaction between features [3,4]. Visualization techniques such as scatter plots, heat 

maps, and bar charts can clearly show the connection between features, their distribution, and which 

features are important in the analysis. 

This article focuses on the application of these visual methods in feature selection. We will first 

explore some basic principles and then analyze the shortcomings and challenges that may be 

encountered when using visualization techniques. Our main goal is to deeply analyze these methods 

and suggest future research directions to promote progress in this field. Through a comprehensive 

evaluation of these visualization techniques, we hope to provide data scientists and researchers with 

valuable insights to optimize the process of feature selection and improve the performance and 

accuracy of models. 

2. Methods of Data Visualization 

Various ways of data visual representation give different views and analysis options, each adding 

unique insights to help in feature selection. For example, bar charts offer a simple view to compare 

the value of different features. By showing feature value with bars of different lengths, bar charts let 

one swiftly judge which features matter most. Using these visual methods, one can better grasp feature 

importance and interactions, thus boosting model outcomes. This enables those working with data to 

spot the key features easily and give them priority for inclusion in the model [5-7]. 
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Similarly, histograms give important insights into distributions of continuous features. Data is put 

into bins, and the frequency of the number of observations in each bin is shown. Using this visual is 

key for knowing the spread of data in the ranges, finding weird values or anomalies, and figuring out 

the need for changing the data. By looking at histograms, the central tendency and variability of 

features can be known, which then helps in deciding preprocessing and transformation steps. 

Scatter plots, however, are very helpful for looking at relationships between two continuous 

variables. Points of data are put on a Cartesian plane, showing correlations, trends and clusters in data. 

For instance, seeing a linear trend signals a strong correlation of features, no line suggests a weak or 

no correlation. This visual helps in noticing interactions between features, understanding their impact 

on target variables, and guiding selections of features [8,9]. 

Heatmaps give another view by color gradient showing data density and features' correlations. 

Each square in the heatmap shows a correlation between two features, and a stronger relation is shown 

with darker color. Heatmaps are helpful in finding highly correlated features that may mean 

redundancy in the dataset. By seeing the correlation matrix, data scientists help decide which features 

to keep or discard, making the feature choice process easier and improving the model working [3,4]. 

Box plots summarize features’ distribution by showing the median, different quartiles and outliers 

possibly. This way useful for seeing many features' distributions and finding wide ranges or big 

outliers in features. Examining box plots lets one understand the spread and central point of features, 

important for finding anomalies and making sure extreme values in features are managed correctly. 

This comparison helps to check how each feature is consistent and relevant to the whole dataset [9]. 

3. Exploratory Data Analysis 

With Principal Component Analysis (PCA) plots, high-dimensional data get dimensionality cut 

down while trying to keep lots of variance safe. Projecting data onto key parts that catch the most 

variance helps PCA plots spot groupings and patterns in data. This method for shrinking dimensions 

shows which features really make up the bulk of variance, aiding in choosing to keep or drop features 

based on their input to the main parts. 

In Exploratory Data Analysis (EDA), mixing in data visualization methods is very crucial for the 

initial grasp of the dataset before jumping into formal feature picking. Using a range of visual tools 

like scatter plots, histograms, and heatmaps gives a first read on data, pinpoints relevant features, and 

flags unusual data. This early dive gets ready the ground for more detailed feature picking by showing 

patterns, links, and oddities which shape later decisions [10,11]. 

Once feature selection is done, seeing visual importance by using methods like bar charts is 

necessary to confirm their relevance and some critical features in a model need verification. You 

provide feature importance straightly through bar charts–it shows significance visually, so decisions 

get supported by these visual proofs. Also including plots like PCA for dimensionality reduction gives 

feedback on how reduced features capture data variance, offering insights about the effectiveness of 

the technique, and confirming if retained features are important. This information can be cross-

referenced from literature such as [6]. 

4. Application 

In practical applications, data visualization techniques prove invaluable across various domains. 

In healthcare, for example, heatmaps and scatter plots help identify significant health indicators and 

improve model accuracy by highlighting relevant features and addressing redundancies. By 

visualizing feature relationships and distributions, healthcare practitioners can select features that 

have a substantial impact on patient outcomes, leading to more accurate predictions and better-

informed decisions.  

Similarly, in financial forecasting, PCA and correlation matrices simplify complex financial data, 

facilitating the selection of key indicators that retain essential information for accurate predictions. 
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These visualizations enable financial analysts to focus on the most impactful features and enhance 

the reliability of their models[12]. 

4.1. Challenges and Limitations 

Data visualization in feature selection has benefits, but hassles and downsides too. A big hassle is 

visualizing big and intricate datasets that get complex. With datasets growing in complexity and size, 

cluttered and hard-to-understand visualizations appear, hiding key insights and making patterns hard 

to find. More advanced tools and techniques are thus needed to handle large data efficiently. By using 

interactive and scalable tools, the complexity can be lessened and clearer data views can be given for 

feature selection [6]. 

Scalability is another big issue with data visualization in feature selection. As dataset size rises, 

visualization tool performance drops, needing special tools to handle huge data piles without losing 

performance. New visualization technologies like distributed computing and cloud solutions can help 

solve scalability problems by providing the needed computational power to handle large datasets 

effectively [3,5,6]. 

Misinterpretation by visuals is a problem too, design and show how visuals taken can influence 

understanding data. For instance, using color shades in heatmaps or changing bar chart axes scaling 

can cause differences in the clarity and accuracy of information. To try to stop misinterpretation, it 

must be ensured visuals are designed well, given labels, and legends correct, and checked with 

statistical examination. Giving accurate visuals and background information helps reduce 

misinterpretation risk and makes insights dependable [2], [8]. 

Thinking about data privacy and security is necessary when dealing with sensitive information. 

Visualization ways must be done in ways that protect privacy and stop wrongful access. Following 

good data-keeping habits, using access rights, and complying with regulations are all important for 

keeping information safe during visualization work. For instance, making data unidentifiable before 

visualizing and using safe storage methods can save data privacy and keep sensitive info confidential. 

4.2. Future Directions 

Looking ahead, several promising areas for future research and development in the application of 

data visualization to feature selection emerge. When combining data visualization with high-end 

methods like deep learning it might uncover more sophisticated insights on the relevance and working 

of features. Such deep learning algorithms can model complex patterns and links, but it's combined 

with visualization it might enhance knowledge even deeper.  

For instance, by using these deep learning models to find out which features matter, and then to turn 

these insights into visuals, might offer a broader understanding of which feature is relevant [13,14]. 

Furthermore, creating interactive visual tools could offer for changing data in real time, making 

the feature selection process could be better. These interactivity tools allow users to actively look at 

and change visualizations giving greater iteration and response level during feature selection. These 

types of tools are useful, as they give instant feedback and insights, bettering the workflow efficiency 

and effectiveness. For example, dashboards that are interactive and let users adjust and filter data 

instantly could help much faster finding key features and check their influence on the model. 

Developing new ways to visualize high-dimensional data is a path that could be walked to bring 

more insights, and it may help in picking better features. Heightened dimensional growth of datasets 

makes it a thing of necessity to have visualization methods that work nicely with such data masses. 

Inventing new ways, such as combining smart dimensionality reduction with visualization, might 

help see feature relationships more clearly and broadly. As an example, adding t-distributed 

Stochastic Neighbor Embedding (t-SNE) into visualization tools can manage and show high-

dimensional data better [3,6,11]. 

Putting domain-specific knowledge into visualization ways might make them more useful for 

feature selection tasks. When visualization methods are made to fit specific domains, like healthcare 

or finance, it can provide insights more handily and make picking features more precise. Speaking 
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with domain experts to create and apply visualization methods can match the needs of different fields; 

this could make feature selection and model work better. For instance, making visualizations that 

show domain-related metrics or points of reference may help spot important features of greatest 

relevance to the domain [3,4, 6]. 

5. Conclusion 

Data visualization is a valuable tool in the feature selection process, offering clear and intuitive 

insights into data relationships, distributions, and feature importance. Despite challenges such as 

managing complexity and ensuring scalability, integrating visualization techniques with feature 

selection methods provides significant benefits.  

By addressing current limitations and exploring future research opportunities, the field of data 

visualization in feature selection can continue to evolve, helping in better and more effective machine 

learning. Progress in visualization instruments and methods shows potential for boosting feature 

selection and better model performance, leading to more precise, dependable machine learning 

models in future . 
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