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Abstract—In modern enterprises, master data platforms such as Dun
& Bradstreet’s unified data solutions provide a “single source of
truth” that integrates fragmented customer, supplier, and partner
information into consistent, high-quality records to support analytics
and decision-making. Yet even when the underlying data foundation
is robust, non-expert business users often struggle to interpret
complex dashboards and derive actionable insights from the
consolidated data. This article, Designing Data Visualization for
Non-Expert Users: Balancing Aesthetics and Usability, addresses
this gap by proposing a practical design framework for turning
enterprise master data into visualizations that are both engaging and
easy to understand for non-technical stakeholders. Grounded in real-
world enterprise scenarios, the framework outlines five design
dimensions—user and context analysis, visual encoding and chart
choice, color and layout, textual and narrative support, and
lightweight  interaction  with  progressive  disclosure—and
demonstrates through a small-scale study and a dashboard redesign
case that “balanced” visualizations can improve comprehension,
confidence, and adoption among non-expert users. By aligning visual
design with the realities of master data management, the article
shows how organizations can fully leverage trusted enterprise data
assets to enable broader, more inclusive data-driven decision-
making.

Keywords— Data Visualization for Non-Experts ; Aesthetics and
Usability ; Enterprise Master Data ; User-Centered Dashboard
Design.

I INTRODUCTION

In today’s data-driven world, data visualization has become an
indispensable tool for making complex information more
accessible and actionable. However, for non-technical users,
understanding and creating compelling visualizations remain
significant challenges. The China Data Analytics Industry
Development Report (2023) notes thatover 70% of enterprise
users engaged in data analysis lack professional technical
backgrounds, yet they are directly involved in business
decision-making. This reality raises a central question: how
can “non-experts” effectively use data to support accurate,
data-driven decisions rather than relying solely on technical
specialists?

Despite the widespread availability of reporting and
dashboard tools, many business professionals still describe
data visualization as “too difficult,” “too advanced,” or “hard
to learn.” In practice, however, data analysis should not be the
exclusive domain of technical experts. It should function as an
efficient, empowering capability for every business
stakeholder. Making data visualization genuinely accessible to
non-expert users, therefore, requires not only lowering

technical barriers but also designing visual representations that
are easy to understand, engaging to explore, and aligned with
real-world enterprise needs.

This article focuses on these practical needs by using real-
world enterprise scenarios to examine how data visualization
can be designed for non-expertusers. We analyze key design
paths and verifiable methods for helping non-technical
personnel interpret data with minimal barriers, and we pay
particular attention to how designers can balance aesthetic
appeal withusability. By doing so, we aim to provide a set of
actionable principles and design guidelines that make data
visualization more inclusive, intuitive, and effective for a
broad range of non-expert users.

II. RELATED WORK

2.1 Non-Professional Users and Graphical Literacy

Currently, after evolving from professionally generated
content to user-generated content and content co-generated by
professional users, content production is entering a stage of
Al-generated content, namely, content generated with the
assistance of generative artificial intelligence (AIGC) or
automatically. Generative Al, based on artificial intelligence,
uses large-scale model training and big data learning to
produce meaningful content products in response to user
instructions. Generative Al not only constructs a new
paradigm for content production but also significantly changes
the social information structure, profoundly impacting our
production and lifestyles.

Generative Al encourages greater user participation in
content production. It provides technological availability to
bridge the "capability gap." In the era of mass communication,
differences in economic resources, cultural levels, and
cognitive frameworks among users lead to unequal access to
information, resulting in phenomena such as the "knowledge
gap" and "information gap" among audiences. The widespread
adoption of the internet has provided ordinary users with more
opportunities for information and knowledge. In fact, some
have seized these opportunities to start businesses and expand
their businesses.

In contrast, others have become addicted to entertainment
such as online dramas and games, leading to a "capability
gap." Although the rapid development of social media has
empowered people to express opinions and produce
information, the ability to quickly and massively produce
high-quality content has become a crucial criterion for
distinguishing ordinary users from professional media
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organizations. Without improving the quality of content
products, it will be difficult to change the reality that ordinary
users remain content recipients, and user-generated content
will only be a derivative of user social behavior. The
emergence of generative artificial intelligence (Al) helps
ordinary users compensate for their shortcomings in content
production through Altechnology, including the mastery and
application of professional knowledge, languages, and
programming. Generative Al provides ordinary users with
almost the same level of technological access as professional
content producers, significantly improving their ability to use
social media, generate various types of text, and solve
practical problems.

What does the Al literacy framework provide? The Al
literacy framework, currently in draft form, defines Al literacy
as a fusion of knowledge, skills, and attitudes that helps
students use Al responsibly and effectively. The framework
revolves around four areas of practice:

1. Interacting with Al — Understanding when and how Al
appears in everyday tools and rigorously evaluating its output.
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2. Using Al for Creativity — Collaborating with Al tools to
support problem-solving, foster creativity, and consider ethical
issues such as ownership and bias.

3. Managing Al Behavior — Responsibly delegating tasks to
Al developing guidelines, and ensuring human oversight.
4. Designing Al Solutions — Understanding how Al works and
exploring how to build or adapt systems to address real-world
problems.

Each area includes 23 competencies and classroom
learning scenarios, making the framework both visionary and
practical. It applies not only to computer science courses but
also to disciplines ranging from languages and arts to social
studies, further demonstrating Al's status as an
interdisciplinary topic in education.

2.2 Overview of Usability Principles in Data Visualization

In the era of widespread artificial intelligence and machine
learning, data visualization is crucial forunderstanding model
performance and optimizing processes. It has become an
essential component of successful data dashboard analysis
strategies and is vital for maintaining competitiveness in a
dynamic market.

Key considerations for effective dashboard design

= = A
Clarity is Relevance & Interactive
Key sda Context By Elements
Audience-Centric Consistency in Real-Time
Approach Design Updates

Key Considerations for Effective Dashboard Design:
Clarity is Paramount: Ensure your visualizations are clear and
easy to interpret. Avoid unnecessary complexity, focusing on
simplicity without sacrificing depth of information.
Audience-Centered Approach: Understand your audience and
tailor your visualizations to their needs. Different stakeholders
may require different views of the data, so customize your
dashboard accordingly.

e Relevance and Context: Provide context for the data by
integrating relevant details. This helps users understand the
importance of the information and its impact on decision-
making.

e Design Consistency: Maintain a consistent design
throughout the dashboard. Consistency facilitates the
smooth delivery of information and ensures a consistent
user experience.

e Interactive Elements: Integrate interactive elements to
allow users to explore the data further. Features such as
filters and in-depth options enhance user engagement and
promote a deeper understanding of the data.

e Real-Time Updates: Consider integrating real-time data
updates where applicable. This ensures up-to-date
information, enhancing its relevance and reliability.

Big data visualization is a crucial element of modern data
analysis. By transforming complex data into easily
understandable charts and graphs, it helps decision-makers
quickly gain insights. This article will explore the fundamental
principles of big data visualization in detail, helping you better
present the value of data in practical applications. Here are the
core points of this article:

Define the Purpose: Before starting any visualization project,

be sure to clearly define what information you want to convey

through the data.

Choose the Appropriate Chart Type: Different data types and

presentation purposes require different chart types.

Prioritize Data Accuracy: Data accuracy is the foundation of

visualization; any errors can mislead decision-making.

Focus on User Experience: Good visualization should not only

be aesthetically pleasing butalso easy for users to understand

and use.
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Continuous Optimization and Updates: Data is dynamic, and
visualizations also require continuous updates and
optimization.

Through the detailed explanation in this article, you will be
able to master the practical application of these principles,
improving the effectiveness and quality of your data
visualizations.

1. Define the Purpose:

Defining the purpose is the most critical step before
starting any big data visualization project. Data visualization is
not just about aesthetics; its core lies in conveying information
graphically, helping users quickly understand key information
and trends in the data.

Defining your purpose can be approached from several
aspects:

Identify your target audience: Understand who your primary
audience is, their background, needs, and expectations.
Define the problem: Clarify what problem you hope to solve
or answer through data visualization.

Set goals: Determine what effect you hope to achieve through
visualization—is it to show data trends, compare data
differences, or reveal anomalies in the data?

A clear purpose helps you maintain consistency in selecting
data, designing charts, and adjusting presentation methods.
11. Choosing the Appropriate Chart Type

Different data types and presentation purposes require
different chart types. Choosing the appropriate chart type is
one of the essential principles of big data visualization.
Common chart types include line, bar, pie, scatter, and heat
maps.

1. Line chart: Suitable for showing data trends over time.

2. Barchart: Suitable for comparing different categories of
data.

3.  Pie chart: Suitable for showing the proportion of each
part to the whole.

4. Scatter plot: Suitable for showing the relationship
between two variables.

5. Heatmap: Suitable for showing the spatial distribution
and density of data.

Choosing the right chart type not only improves the clarity
of data presentation but also better conveys the information
behind the data.

111. Emphasize Data Accuracy

Data accuracy is the foundation of visualization.
Emphasizing dataaccuracy not only increases its credibility
but also avoids misleading decision-makers. Data accuracy
includes data completeness, consistency, and reliability.

1. Data Completeness: Ensure the data source is reliable
and the data collection process is complete.

2.  Data Consistency: Ensure dataremains consistent across
different systems and platforms.

3. Data Reliability: Ensure data is not damaged during
transmission and storage.

4. Before visualizing data, it is essential to clean and verify
it to ensure accuracy.

1V. Focus on User Experience

Good data visualization should not only be aesthetically
pleasing but also easy for users to understand and operate.
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Focusing on user experience can be approached from the

following aspects:

e Simplicity and Clarity: Avoid excessive embellishment;
keep charts simple and clear.

e FEase of Understanding: Use easy-to-understand chart types
and labels to help users quickly comprehend the data.

e Interactivity: Provide features that let users explore the
data themselves.
Focusing on user experience not only improves the

effectiveness of data presentation but also enhances users'

understanding and trust in the data.

2.3 The Role of Aesthetic and Emotional Design in
Visualization

How humans experience the beauty of nature and thus live
in harmony with the natural environment has become a crucial
topic in design studies in recent years. In an era of information
overload and redundancy, visual communication has gradually
become an effective way to receive information. Information
visualization design involves transforming complex and
massive amounts of textual information into easily understood
graphic symbols and quickly conveying them to the target or
potential audience. This dramatically improves the speed of
information dissemination, making information visualization a
widely used and accessible method of information
communication in contemporary times. In the post-carbon era,
people seek both a more harmonious aesthetic concept with
nature and a more precise understanding of it.

Through information visualization design, the public can
gain a more comprehensive understanding of nature, thereby
alleviating the antagonistic relationship between humans and
nature. Simultaneously, as a form of graphic design,
information visualization design itself possesses specific
aesthetic value. Through reasonable graphic transformation,
color matching, and layout, a picture showcasing the
harmonious coexistence of humans and nature can be
constructed. However, there is currently a lack of research
exploring the value of information visualization design in
ecological aesthetics. Therefore, this paper attempts to
combine information visualization design with ecological
aesthetics theory, elucidating the aesthetic value of
information visualization design and providing a research
paradigm for improving public awareness of nature,
presenting aesthetically pleasing images, and constructing a
post-carbon world of harmonious coexistence between
humans and nature.

In his paper "A Mathematical Theory of Communication,"
mathematician Claude Elwood Shannon defined information
as "something that eliminates uncertainty." Based on this,
information visualization is a research field that combines
logical empirical methods with visual design, aiming to
explore how to transform complex, abstract data into intuitive,
emotional visual forms. Its core objective is to improve the
logic, functionality, artistry, and readability of information
through formal design and artistic expression, making it easier
for the audience to accept and understand. Its fundamental
purpose is to enhance the audience's reception of information,
demonstrating a potent combination of functional and artistic
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qualities. Information visualization design includes the
following characteristics: 1) Functionality. Information
visualization presents complex information graphically,
making it clear and easy to understand, lowering the cognitive
threshold for the audience. Information visualization serves as
a communicator across multiple disciplines, translating
professional information into artistic visual forms or other
sensory representations, eliminating barriers to information
exchange, transforming data into sensory education, and
promoting knowledge dissemination and acquisition.

2) Symbolism. Symbols are perceptions that carry meaning,
and design itselfis a symbolic activity; the effect of designis a
change in symbolic meaning. Information design is a symbol-
based approach that aims to disseminate information
efficiently. In the design process, cognitive elements are
transformed into symbolic visual graphics, including basic
shapes, logos, charts, data, and images. Based on the
characteristics of the information, the design endows these
graphics with various visual features such as proportion,
position, color, and texture, making them visual symbols that
convey information. People can intuitively understand the
meaning of information through these symbols, achieving
equivalence between symbolic presentation and information
delivery.

3) Cognitiveness. The design methods and presentation
formats of information visualization need to align with the
cognitive habits of the audience. The brain, as the space for
information storage, is responsible for receiving, processing,
storing, and outputting information. The speed of this process
is closely related to the brain's inherent cognitive patterns. The
success of information transmission depends on the audience's
mental level, and a deep understanding of the visual patterns
within that cognitive level is one of the key steps in achieving
information visualization. The primary task of information
visualization design is to meet the visual needs of the
audience, enabling them to read and understand the
information easily. Therefore, in the process of designing and
transmitting information, it is essential to ensure that the
information hasa clear purpose so that it is readily accepted
and remembered by the public.

III. DESIGN FRAMEWORK: BALANCING AESTHETICS AND
USABILITY

This section presents a practical design framework for
creating data visualizations that are both aesthetically
appealing and highly usable for non-expert users. Rather than
focusing on advanced visualization techniques, the framework
emphasizes clear decision points that designers, product
teams, and business professionals can apply in everyday
projects. The core idea is to start from the needs and
limitations of non-expert audiences, and then systematically
adjust chartchoices, visual styles, and interaction patterns to
support accurate understanding with minimal cognitive
burden.

The framework is organized into five dimensions: user and
context analysis, visual encoding and chart selection, color
and layout decisions, textual and narrative support, and
interaction design. Each dimension highlights typical trade-
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offs between “looking good” and “working well,” and
proposes concrete principles to help designers balance these
forces. The following subsections describe each dimension in
detail.

3.1 User and Context Analysis

Designing visualizations for non-expertusers begins with a
clear understanding of who the users are and the context in
which they will encounter the charts. Non-expert users often
vary widely in statistical literacy, domain knowledge, and
familiarity with digital tools. For example, a sales manager
who occasionally reads dashboards may have strong intuition
about business trends but limited experience interpreting
confidence intervals or complex chart compositions. By
explicitly describing user profiles—such as typical roles,
goals, and pain points—designers can better anticipate where
misunderstandings are likely to occur and where additional
guidance is needed.

Contextual factors are equally important. Visualizations
may be consumed in very different settings: quick-glance
views on mobile phones, scheduled reporting meetings,
public-facing websites, or internal self-service analytics
platforms. Each context imposes constraints on time, attention,
and screen space, which, in turn, influence the amount of
visual complexity considered acceptable. Within this
framework, aesthetic richness is deliberately adjusted to the
usage context: in fast-paced environments, clarity and
simplicity are prioritized, while in slower, exploratory
contexts, more expressive visual elements can be introduced
without sacrificing usability.

3.2 Visual Encoding and Chart Choice

For non-expert users, the choice of visual encoding and
chart type often determines whether a visualization is
immediately understandable or confusing. The framework
advocates a “low-threshold first” strategy: begin with widely
familiar charttypes—such as bar, line, and simple pie charts—
before introducing more complex encodings like stacked area
charts, treemaps, or network diagrams. Priority is given to
encodings that rely on position and length, which humans
perceive more accurately than area, angle, or color saturation.
This approach helps ensure that users can extract core trends
and comparisons without needing specialized training.

Aesthetic concerns should be addressed within the
boundaries of perceptual accuracy. Designers are encouraged
to avoid visually impressive yet ambiguous elements, such as
unnecessary 3D effects, distorted baselines, or overly dense
overlays, which can make it difficult to identify patterns.
Instead, minor stylistic enhancements—such as soft grid lines,
subtle background shapes, or consistenticonography—can be
layered on top of simple encodings to improve the perceived
quality of the visualization without introducing confusion. In
this way, beauty is treated as an enhancement of clarity rather
than a competing objective.

3.3 Color and Layout: Aesthetics with Readability

Color is one of the most powerful tools for making
visualizations attractive, but it is also one of the easiest to
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misuse. For non-expert users, the framework recommends
using a limited and consistent color palette with clear
functional roles: forexample, one primary color for key data
series, a secondary color for comparison groups, and neutral
tones for background elements. High contrast between
foreground and background is prioritized to maintain
legibility, especially on small screens or in low-quality display
environments. At the same time, color choices should respect
standard conventions (e.g., red for decline or risk, green for
growth or success) to reduce cognitive friction.

Layout decisions shape the overall reading experience. A
clean layout with sufficient white space, precise alignment,
and a visible information hierarchy helps non-expert users
quickly identify where to start and how to proceed. The
framework encourages designers to treat titles, subtitles,
charts, legends, and annotations as parts of a single visual
narrative rather than separate components placed arbitrarily.
Decorative elements—such as illustrations or background
patterns—should be added only when they support the
message, for instance by reinforcing the data's theme, and
should never compete with the data marks themselves. The
ultimate goal is to create visual harmony where aesthetics
guide attention rather than distract from information.

3.4 Textual and Narrative Support

For non-expert audiences, well-crafted textual elements are
essential companions to visual encodings. The framework
emphasizes therole of clear, descriptive titles that explicitly
state the main message of the chart, rather than merely
repeating axis labels. Subtitles can be used to summarize key
insights in plain language, bridging the gap between raw data
and business implications. Labels, legends, and axis
descriptions should avoid technical jargon whenever possible,
replacing terms like “variance,” “standard deviation,” or “log
scale” with more intuitive phrases or shortexplanations when
such concepts are necessary.

Narrative structure further enhances comprehension.
Instead of presenting a collection of independent charts,
designers are encouraged to arrange visualizations into a
logical sequence that supports a story: context, trend,
comparison, and implication. In this sequence, annotations can
highlight critical points, turning points, or anomalies, guiding
users’ attention to what matters most. For non-experts, this
narrative layer is often the difference between “seeing a chart”
and “understanding a story.” Within the framework, textual
and narrative support is notan optional decoration, but a core
mechanism for transforming aesthetic visuals into meaningful,
actionable representations.

3.5 Interaction and Progressive Disclosure

Interactive features can significantly improve the usability
of visualizations for non-expert users when designed with
simplicity in mind. The framework advocates for lightweight
interactions such as hover tooltips, simple filters, and toggle
switches that allow users to explore details without altering the
fundamental structure of the chart. These interactions should
be discoverable, clearly labeled, and reversible, avoiding
complex gesture combinations or multi-step configuration
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panels that can overwhelm non-technical audiences.
Interaction is treated as a way to customize the depth of
information, notas a way to offload design decisions onto the
user.

Progressive disclosure is a central principle in this
dimension. Instead of presenting all available data and options
at once, the visualization first displays a clear, high-level view
that conveys the main message. Additional details,
breakdowns, or alternative views are revealed only when the
user actively chooses to explore further. This approach helps
manage cognitive load and prevents interface clutter, while
still respecting the curiosity of users who want to dig deeper.
When applied consistently, progressive disclosure creates a
sense of control and safety for non-expert users: they can
engage with complex data step by step, within an interface that
remains visually coherent and aesthetically pleasing.

IV. EVALUATION AND CASE STUDIES
4.1 Study Design and Procedure

To examine the practical value of the proposed framework,
we conducted a small-scale evaluation with non-expert users
in an enterprise-like setting. Participants were recruited from
business and administrative roles who regularly view reports
but do not have formal training in statistics or data
visualization. Each participant completed a series of
interpretation tasks based on three sets of visualizations: a
visually elaborate but usability-poor baseline design, a highly
utilitarian but visually plain design, and a “balanced” design
created according to the framework described in Section 3.
Tasks included identifying key trends, comparing categories,
and drawing simple business-relevant conclusions (e.g., which
product line requires attention, or which region shows the
most stable growth). For each condition, we recorded task
completion time, response accuracy, and subjective ratings of
clarity, aesthetic appeal, and overall confidence in the
conclusions. A short semi-structured interview followed each
session to gather qualitative feedback on which design
elements helped or hindered understanding, and how
comfortable participants felt using the visualizations for real-
world decision-making.

4.2 Findings and User Feedback

Overall, the balanced design condition outperformed the
purely aesthetic and purely utilitarian baselines in both
objective and subjective measures. Participants generally
completed tasks more quickly and made fewer interpretation
errors when interacting with visualizations that combined
familiar charttypes, constrained color palettes, clear textual
guidance, and lightweight interaction features such as tooltips
and simple filters. While the visually elaborate baseline
attracted initial attention, many participants reported feeling
“unsure what to look at” or “afraid of missing something
important,” especially when faced with dense decoration and
complex compositions. Conversely, the utilitarian baseline
was described as “clear butboring,” with several participants
indicating they would be less inclined to engage with such
dashboards regularly. In contrast, the balanced designs were
frequently characterized as “easy to read,” “professional,” and
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“trustworthy,” with users noting that the combination of
straightforward charts, structured layout, and concise
annotations made it easier to connect the visuals to concrete
business actions. Qualitative feedback also highlighted the
importance of narrative cues—such as descriptive titles and
callout annotations—for guiding non-expert users through the
data.

4.3 Case Illlustration and Design Implications

To further ground the evaluation in realistic practice, we
applied the framework to redesign an internal sales
performance dashboard used by a mid-sized organization. The
original dashboard prioritized visual richness, featuring
multiple bright colors, 3D effects, and complex combined
charts in a single view, leading to frequent misinterpretations
and low adoption among non-technical staff. Using the
principles outlined in Section 3, we simplified chart choices to
a small set of bar and line charts, standardized the color
scheme, reorganized the layoutinto a clear top-down narrative
(overview, key drivers, regional breakdown), and added short
textual summaries under each major visual. After deployment,
informal usage metrics and stakeholder interviews indicated a
noticeable increase in dashboard consultation during weekly
meetings and a reduction in the need for data specialists to
“translate” the charts for business teams. This case, together
with the user study findings, suggests that a balanced approach
to aesthetics and usability not only improves comprehension
in controlled tasks but also supports sustained, confident use
of data visualization in everyday decision-making. For
practitioners, these results imply that investing in a structured
design process—even without complex analytics or large-
scale experiments—can yield meaningful improvements in
how non-expert users engage with and act upon data.

V. CONCLUSION

This article has examined how data visualization can be
deliberately designed to supportnon-expert users by balancing
aesthetics and usability. Starting from the observation that a
large share of enterprise decision-makers lack formal technical
training yet increasingly rely on data in their daily work, we
argued that visualizations must be not only accurate and
information-rich, but also approachable, engaging, and easy to
interpret. The proposed framework translates this requirement
into five practical design dimensions: understanding users and
context, selecting low-threshold visual encodings, using color
and layout to enhance readability, strengthening textual and
narrative support, and applying interaction and progressive
disclosure in a lightweight way. Together, these dimensions
show that aesthetic quality and usability need not be
competing goals. When aesthetics is constrained by perceptual
principles and anchored in clear communication, it can guide
attention, increase engagement, and enhance perceived
professionalism without compromising comprehension.

Our empirical observations and case illustration suggest
that a “balanced” design approach is more effective for non-
expert users than either visually elaborate but confusing
dashboards or extremely plain but uninspiring reports.
Visualizations created under the proposed framework helped

20
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participants complete interpretation tasks more quickly and
accurately, and were perceived as more trustworthy and
pleasant to use. For practitioners, this implies that investing in
structured design decisions—such as simplifying chart types,
standardizing color schemes, and adding clear narrative
cues—can meaningfully improve how non-technical audiences
interact with data in real organizational settings. For
researchers, the work highlights the need for further studies on
how cultural factors, device constraints, and domain-specific
conventions influence the aesthetics—usability balance for
different user groups. Overall, the study reinforces the central
message implied in the title: effective data visualization for
non-expert users is not simply about making charts look
beautiful or technically sophisticated; it is about crafting
visual experiences where aesthetic appeal and usability work
together to make complex information accessible,
interpretable, and actionable for everyone.
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