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Abstract: This paper systematically explores the applications of data visualization technology in artificial intelligence (Al).
Data visualization plays a crucial role in various stages of Al, from data preprocessing, feature engineering, model training, and
evaluation, to result interpretation and presentation. By offering intuitive visual representations, data visualization aids in
understanding and exploring complex high-dimensional data, thereby enhancing data processing efficiency and model reliability.
In the data preprocessing stage, visualization tools effectively identify outliers and noise, assisting in data cleaning and quality
control. During feature engineering, techniques like Principal Component Analysis (PCA) and t-SNE help in feature selection
and dimensionality reduction, improving model performance. Model training and evaluation benefit from visualizing
performance metrics, facilitating model adjustment and optimization. Explainable Al (XAI) methods, such as LIME and SHAP,
use visualization to enhance model transparency and credibility by illustrating decision-making processes. Despite the
advantages, challenges remain in visualizing large-scale, high-dimensional, and real-time data, requiring advanced
computational power and sophisticated algorithms. User cognition and interpretation pose additional challenges, necessitating
intuitive and interpretable visualization interfaces. Data privacy and security also need to be ensured in the visualization process.
Future developments in data visualization will focus on enhancing user interaction through technologies like VR and AR,
integrating automation and intelligent features, and leveraging efficient computing resources. Open data and open-source tools
will promote cross-disciplinary collaboration and technological innovation. Overall, data visualization technology will continue
to play a vital role in Al, enhancing the efficiency, transparency, and interpretability of Al systems while addressing the ongoing
challenges through continuous technological advancements.
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enhancing model transparency and credibility.

1. Introduction Despite the significant advantages of data visualization

With the rapid development of artificial intelligence (Al) technology in Al, its application still faces many challenges.
technology, data visualization is playing an increasingly When dealing with large-scale and high-dimensional data,
significant role in the realms of data science and Al. Data maintaining visualization effectiveness while improving
visualization aids researchers and engineers in understanding processing speed and efficiency is a pressing issue. In the
and exploring data more effectively and plays a crucial role in future, the development of interactive and automated data
model training, tuning, and result interpretation. Through visualization tools will be a major trend, particularly in real-
intuitive visual representations, data visualization makes time data analysis applications.

complex, high-dimensional data more comprehensible, This paper aims to systematically explore the application
thereby enhancing data processing efficiency and model of data visualization technology in Al, review current
reliability. research progress, analyze challenges, and anticipate future

The applications of data visualization are vast, development directions. Through the study of the integration
encompassing data preprocessing, feature engineering, model of data visualization technology and Al, this paper will
training and evaluation, and result interpretation and provide theoretical support and practical guidance for
presentation. In the data preprocessing stage, visualization researchers and practitioners in related fields.

tools can effectively reveal outliers and noise in the data, . . . .
assisting researchers in data cleaning and quality control. 2. Overview of Data Visualization

During feature engineering, high-dimensional data Technology

visualization techniques (such as Principal Component ST ) ]
Analysis (PCA) and t-SNE) aid in feature selection and Data visualization is a technique that uses visual
dimensionality reduction, enhancing model performance and ~ Fepresentation methods to display data, aiming to help people
interpretability. understand and analyze data more intuitively. Data

visualization is widely used in various fields, especially in Al,
where it plays an indispensable role [1]. This paper will
provide an overview of data visualization technology from
three aspects: static and dynamic visualization tools, and
high-dimensional data visualization.

Furthermore, data visualization is equally important in
model training and evaluation. By visualizing model
performance metrics (such as confusion matrices and ROC
curves), researchers can more intuitively understand and
adjust models. In terms of result interpretation and
presentation, explainable Al (XAl) techniques (such as LIME 2.1. Static and Dynamic Visualization Tools
and SHAP) use visualization methods to help users

understand the decision-making process of models, thereby Static charts are the basic tools of data visualization,

including bar charts, line charts, scatter plots, etc. These
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charts clearly display the basic characteristics and
relationships of data and are common methods in data
analysis and reporting. For example, bar charts are suitable
for comparing data from different categories, line charts are
used to show data trends, and scatter plots effectively
represent relationships between two variables.

Dynamic visualization tools offer greater interactivity and
flexibility, allowing users to explore and analyze data in real
time. For example, D3.js and Tableau are two widely used
dynamic visualization tools. D3.js is a JavaScript-based
library that allows developers to create highly customized
interactive data visualizations. Tableau provides a user-
friendly interface that enables users to create complex
dynamic charts and dashboards without programming. These
tools can not only display static data characteristics but also
reveal deeper patterns and relationships through interactive
operations.

2.2. High-Dimensional Data Visualization

High-dimensional data visualization is a significant
challenge in data science because high-dimensional data
typically contain multiple variables, making it difficult to
intuitively display their internal structure using traditional
two-dimensional or three-dimensional charts. To address this
challenge, researchers have developed various high-
dimensional data visualization techniques, such as PCA and
t-SNE [2].

PCA is a dimensionality reduction technique that projects
high-dimensional data into a lower-dimensional space while
retaining as much variability information as possible, making
the data structure easier for humans to understand. PCA is
widely used in feature engineering to simplify datasets and
improve model performance.

T-SNE (t-Distributed Stochastic Neighbor Embedding) is a
non-linear dimensionality reduction technique particularly
suitable for visualizing high-dimensional data. T-SNE maps
data points into two-dimensional or three-dimensional space,
making similar data points closer in the low-dimensional
space, thereby revealing the clustering structure and
relationships within the data.

These high-dimensional data visualization techniques play
an important role in machine learning and data mining,
helping researchers and engineers understand complex
datasets more intuitively and perform effective pattern
recognition and feature extraction.

Data visualization technology, through static and dynamic
tools and high-dimensional data visualization, greatly
enhances our ability to understand and analyze data. In the
field of Al, data visualization not only improves the efficiency
of data processing and model training but also plays an
important role in result interpretation and presentation. These
applications provide strong support for data-driven decision-

making and also point the way for future data science research.

3. Overview of Artificial Intelligence
Technology

Artificial Intelligence (Al) is a branch of computer science
dedicated to creating systems capable of performing tasks that
typically require human intelligence. This section provides an
overview of the definition and classification of Al, the basic
concepts of machine learning and deep learning, and the main
application scenarios of Al.
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3.1. Definition and Classification of Artificial
Intelligence

Al is a technology that enables machines to mimic human
intelligent behaviors. Al systems can perform tasks such as
learning, reasoning, problem-solving, perception, and
language understanding through data input, processing, and
decision generation. The goal of Al is to create intelligent
agents that can autonomously complete complex tasks
through algorithms and models.

Al can be classified based on its capabilities and
application scope:

(1) Weak Al, also known as Narrow Al, refers to Al
systems designed for specific tasks, such as speech
recognition, image recognition, and recommendation systems.
Weak Al focuses on a single field and cannot generally handle
multiple tasks.

(2) Strong Al, also known as General Al, refers to Al
systems that can understand, learn, and perform all tasks that
humans can complete. Strong Al is still at the theoretical
research stage and has not yet been realized.

(3) Super Al refers to Al systems that surpass human
intelligence, possessing self-awareness and self-improvement
capabilities. Super Al is a future concept involving ethical and
moral issues.

3.2. Machine Learning and Deep Learning

Machine Learning is a branch of Al focused on developing
algorithms and models that can learn from data and make
predictions. Machine Learning identifies patterns and
relationships in data, enabling systems to improve their
performance and decision-making. Machine Learning
includes the following three categories: supervised learning,
unsupervised learning, and reinforcement learning [3].

(1) Supervised learning uses labeled data for training,
learning models through input-output pairs. Common
supervised learning algorithms include linear regression,
logistic regression, support vector machines, and decision
trees.

(2) Unsupervised learning deals with unlabeled data,
seeking to identify the internal structure and patterns within
the data. Common unsupervised learning algorithms include
clustering analysis (such as K-means) and dimensionality
reduction techniques (such as PCA).

(3) Reinforcement learning learns strategies through
interactions with the environment, using reward and
punishment mechanisms. This method is widely used in game
Al and robotic control.

Deep Learning is a subfield of Machine Learning based on
multi-layer neural network structures, training models
through large-scale data. Deep Learning excels in fields such
as image processing, speech recognition, and natural
language processing. Deep Learning includes Convolutional
Neural Networks (CNNs) and Recurrent Neural Networks
(RNNs) [4].

(1) CNNs are mainly used for processing image data,
extracting image features through convolution layers, pooling
layers, and fully connected layers. CNNs perform well in
computer vision tasks.

(2) RNNs are used for processing sequential data, suitable
for time series prediction and natural language processing.
Long Short-Term Memory (LSTM) networks and Gated



Recurrent Units (GRU) are common RNN variants,
addressing the long-dependency problem of standard RNNSs.

3.3. Application Scenarios of Artificial
Intelligence

The broad application of Al technology is profoundly
changing various industries, enhancing productivity and
decision-making intelligence. For example, in the medical
field, Al aids doctors in disease diagnosis, drug discovery, and
personalized medicine by analyzing medical data, thereby
improving diagnostic and treatment accuracy. In finance, Al
is widely used in risk management, stock trading, and
customer service, improving the accuracy of financial
predictions and optimizing trading strategies through data
analysis and pattern recognition. Autonomous vehicles are a
typical application in the transportation field, where Al
systems can perceive the environment and make driving
decisions using computer vision and deep learning
technologies. In entertainment, Al plays an important role in
content recommendation, game Al, and virtual reality,
enhancing user experience through recommendation systems
that use user behavior data to provide personalized content.
Additionally, in manufacturing, Al optimizes production
processes through intelligent manufacturing and industrial
automation, improving efficiency and product quality, and
reducing equipment failures and downtime through predictive
maintenance.

Overall, the extensive application of Al technology is
profoundly changing various industries, enhancing
productivity and decision-making intelligence. As technology
continues to advance, Al will demonstrate unlimited potential
and prospects in more fields.

4. Applications of Data Visualization in
Artificial Intelligence

Data visualization plays multiple important roles in
artificial intelligence (Al), ranging from data preprocessing to
feature engineering, model training and evaluation, and result
interpretation and presentation. The following sections will
explore the specific applications of data visualization at these
different stages.

4.1. Visualization in Data Preprocessing

During the data preprocessing stage, data visualization
techniques are widely used for data cleaning and outlier
detection. Visualization tools enable researchers to quickly
identify and handle anomalies and noise in the data, thus
improving data quality and the reliability of analyses.
Histogram and scatter plot tools can display data distribution
and relationships between variables. For example, histograms
help identify skewness and outliers in the data, while scatter
plots reveal linear or nonlinear relationships between
variables. Heatmaps and box plots effectively show the
distribution of missing and duplicated data, assisting
researchers in taking appropriate cleaning measures.

4.2. Visualization in Feature Engineering

Feature engineering is a crucial step in the machine
learning process, and data visualization plays a key role in
feature selection and importance assessment. Visualization
tools such as correlation matrices and scatter plot matrices
allow researchers to intuitively understand the relationships
between features and select those that most enhance model
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performance. These tools make it easier to identify which
features are most relevant and should be included in the model
to improve its predictive power.

4.3. Visualization in Model Training and
Evaluation

Data visualization is essential in the model training and
evaluation phase. Techniques such as learning curves,
validation curves, and ROC curves help researchers
understand model performance, optimize hyperparameters,
and prevent overfitting [5]. Visualization tools can display the
trade-offs between different models and the impact of
parameter tuning on model accuracy and generalization.

4.4. Visualization in Result Interpretation and
Presentation

Interpreting and presenting results are critical aspects of Al
applications, particularly in areas emphasizing transparency
and trust. Visualization techniques help communicate
complex model predictions to non-technical stakeholders. For
instance, explainable Al (XAl) methods such as LIME (Local
Interpretable Model-agnostic Explanations) and SHAP
(SHapley Additive exPlanations) utilize visualization to
elucidate the decision-making process of models. These
methods assist users in understanding how specific
conclusions are reached by showing the contribution of
individual features to local predictions [6][7]. Additionally,
presenting prediction results is essential; using charts and
dashboards to display model outputs enables non-technical
users to intuitively comprehend and utilize Al model outputs.
For example, in financial risk prediction, dashboards can
display real-time risk scores and key indicators, aiding
decision-makers in making informed decisions.

Data visualization techniques are broadly and importantly
applied in Al. From data preprocessing to feature engineering,
model training and evaluation, and result interpretation and
presentation, visualization tools and techniques significantly
enhance the transparency, comprehensibility, efficiency, and
effectiveness of Al systems. As data visualization technology
advances, its application prospects in Al will become even
broader, providing robust support for the widespread adoption
and deepening of Al.

5. Challenges and Future Development
of Data Visualization Technology

5.1. Challenges of Data Visualization

A primary challenge of data visualization is efficiently
handling and visualizing large-scale data. With the increasing
scale and complexity of data, visualizing high-dimensional
and real-time data demands higher computational power and
more sophisticated algorithms. High-dimensional data
contain multiple variables, making it difficult for traditional
two-dimensional ~ or  three-dimensional  visualization
techniques to intuitively display their internal structure.
Therefore, advanced dimensionality reduction techniques and
interactive visualization tools need to be developed to address
this challenge. Visualizing and handling real-time data also
requires quick response times and efficient computational
resources, especially in fields like the Internet of Things (10T)
and financial trading.

User cognition and interpretation pose another significant
challenge in data visualization design. Different user groups



have varying abilities to understand and interpret data,
necessitating the design of intuitive and easy-to-understand
visualization interfaces to ensure that non-technical users can
effectively utilize data visualization tools. As Al systems
become more complex, providing transparent and
interpretable visualization results becomes increasingly
difficult, requiring the development of more effective
Explainable Al (XAI) methods.

When dealing with sensitive data, data visualization tools
must ensure data privacy and security. Anonymization and
encryption techniques must be adopted to protect user privacy
and prevent sensitive information from being leaked during
the visualization process.

5.2. Future Development of Data Visualization

Future data visualization tools will likely place greater
emphasis on user interaction, providing richer interactive
features that enable users to explore and analyze data more
flexibly [8]. Virtual Reality (VR) and Augmented Reality
(AR) technologies will offer immersive visualization
experiences, allowing users to explore complex data sets in
virtual environments. By integrating Natural Language
Processing (NLP) technology, users will be able to query and
manipulate data visualization systems through natural
language, further enhancing the user experience.

As Al technology advances, data visualization tools will
increasingly integrate automation and intelligent features. Al-
based automation tools can automatically generate the most
suitable visualization forms based on data characteristics and
user needs. Additionally, using machine learning algorithms,
data visualization tools can intelligently analyze data and
provide valuable insights and decision-making suggestions.

To meet the demands for visualizing large-scale and real-
time data, future data visualization tools will rely on efficient
computing and distributed systems. Cloud computing and
edge computing technologies can significantly enhance data
processing and visualization efficiency, catering to the needs
of large-scale and real-time data. High-Performance
Computing (HPC) resources can provide robust
computational power when dealing with complex data,
ensuring the efficiency and smoothness of the visualization
process.

Future data visualization technologies will also become
more open, promoting cross-disciplinary collaboration and
sharing. By promoting open data and open-source
visualization tools, data sharing and technological innovation
will be encouraged. Additionally, strengthening collaboration
among data science, artificial intelligence, and visualization
fields will help solve complex problems and drive
technological progress.

Despite the many challenges faced in the application of
data visualization technology in artificial intelligence, its
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future prospects are promising with continuous technological
advancements. By enhancing interactivity, automation and
intelligence, applying efficient computing and distributed
systems, and promoting openness and collaboration, data
visualization will play a vital role in various fields, further
enhancing the efficiency and interpretability of Al systems.

6. Conclusion

This paper reviews the application and development trends
of data visualization technology in artificial intelligence. Data
visualization technology, as an important tool for data
analysis and presentation, can effectively assist in
understanding and interpreting complex data, thereby
improving the performance and explainability of Al systems.
However, the application of data visualization technology in
artificial intelligence still faces many challenges, such as
visualizing high-dimensional and real-time data, user
cognition and interpretation, and data privacy and security.
Future data visualization technology needs to address these
challenges and achieve further development through
technological advancements, such as enhancing user
interaction, integrating automation and intelligence, applying
efficient computing and distributed systems, and promoting
openness and collaboration. We believe that with continuous
technological innovation, data visualization technology will
play an increasingly important role in the field of artificial

intelligence, further enhancing the performance and
interpretability of Al systems.
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