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In the context of increasingly data-driven built environment design, effective visualization 
is critical for enabling inclusive stakeholder participation. This study investigates how 
people engage with spatial and non-spatial visualizations across five levels of complexity. 
We begin by synthesizing existing approaches to data visualization taxonomy, identifying 
key classification dimensions such as data type, visual encoding, interactivity, and task 
purpose. Building on these frameworks, we propose a five-level taxonomy tailored to 
visualizations commonly used in participatory design contexts. Through an empirical 
study with 20 participants, we reveal nuanced patterns in how people interpret spatial 
data—particularly when visualizations require cross-comparison, inferential reasoning, 
or synthesis across modalities. Our findings suggest that visual-spatial complexity, rather 
than chart type alone, fundamentally shapes comprehension. This research offers both a 
conceptual contribution—a taxonomy grounded in theory and tested in practice—and 
practical guidance for designing visual tools that advance data-informed, inclusive 
engagement in the built environment. 
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INTRODUCTION 
Data visualizations are often used to study, 
investigate and reveal characteristics of issues, 
phenomena, or artefacts of concern for decision-
making across various fields. In built environment 
design, stakeholders increasingly rely on data-
driven insights to make informed design 
decisions. Effective visualization simplifies 
complex data and democratizes information, 
empowering users with diverse literacy levels to 
engage meaningfully with design processes. 
However, the diversity of data visualization 
techniques available poses challenges regarding 
their selection, understanding, and effective use 
by individuals with varying degrees of data 

literacy. Numerous studies have addressed these 
challenges by proposing structured taxonomies 
of data visualization. Such taxonomies categorize 
visualizations based on various criteria, including 
data type, user tasks, visual encoding strategies, 
complexity, and the context of use. Early 
influential frameworks, such as Shneiderman’s 
task-by-data-type taxonomy, Bertin’s 
semiological approach, and Wilkinson’s Grammar 
of Graphics, have provided foundational 
structures for understanding visualization types 
and their appropriate uses. Recent developments, 
including Munzner’s nested model and adaptive 
taxonomies integrating user-centric dimensions, 
highlight a growing emphasis on user context and 
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interactivity, reflecting evolving understandings 
of visualization as a dynamic communication tool 
rather than a static presentation medium. 
Building upon these foundational studies, the 
present research explores how data visualization 
literacy influences stakeholder interaction within 
the domain of built environment design. Utilizing 
a structured five-level complexity framework, this 
study examines participants' interactions with 
everyday visualizations (such as health statistics 
and election maps) and domain-specific 
representations (including 3D renderings and 
spatial diagrams). By assessing participants' 
familiarity and performance across varying 
visualization complexities, the research identifies 
critical insights into user preferences, 
engagement patterns, and the effectiveness of 
interactivity features. 

This study aims to bridge existing taxonomy 
frameworks with empirical insights from user 
interaction research, providing a comprehensive 
understanding of how visual complexity and user 
data literacy interact within practical decision-
making contexts. Such integrated perspectives 
are crucial for developing visualization strategies 
that support informed, inclusive, and democratic 
design processes. 

EXISTING WORK ON DATA 
VISUALIZATION TAXONOMY 
Data visualization taxonomies provide structured 
ways to categorize and describe visualizations. 
Over the years, researchers and practitioners have 
proposed numerous frameworks to classify 
visualizations by different criteria – from the 
nature of the data and the purpose of the chart to 
the complexity of the display and the needs of the 
user (Börner et al., 2019).  

We summarised major taxonomic approaches 
in both academic research and industry practice. 
We highlighted key classification criteria (data 
type, visualization purpose, complexity, and user 
context), outlined influential frameworks, and 
discussed how these categorizations are justified. 

Further, we elaborate on current trends, debates, 
and gaps in the quest for a “visualization 
taxonomy.” 

Common Criteria for Classifying 
Visualizations 
Researchers have identified several fundamental 
criteria or dimensions to categorize data 
visualizations. These criteria often serve as the 
axes along which taxonomies are built (Börner et 
al., 2019). The following are the existing criteria 
found in the literature.  

Data Type: The nature of the data being 
visualized (e.g. quantitative vs. categorical; 1D 
temporal sequences vs. 2D geospatial maps vs. 
multi-dimensional tables, networks, trees, etc.) 
(Shneiderman, 1996) (Keim, 2002). 

Visualization Purpose/Task: The user’s goal 
or the insight needed from the visualization (e.g. 
finding trends, comparing values, showing the 
part-to-whole composition, etc.) (Brehmer and 
Munzner, 2013) (Few, 2012). 

Visual Encoding: How data is represented 
graphically (the choice of visual marks and 
channels like position, length, colour, size, etc., 
sometimes called visual variables (Bertin, 1983) 
(Wilkinson, 2005). 

Interaction & Dynamics: The level of 
interactivity or animation (static images vs. 
interactive tools, and the types of interactions like 
zooming, filtering, and detail-on-demand 
(Shneiderman, 1996) (Keim, 2002). 

Complexity & Literacy: The complexity of 
the visualization technique (basic charts vs. 
advanced, composite visuals) and the expertise 
required of the user (novice-friendly vs. expert-
only visualizations) (Cavaller, 2021; Poetzsch et al., 
2020). 

User Needs/Context: The context in which 
the visualization is used, including whether the 
goal is exploratory analysis for insight or 
explanatory presentation for communication. 
Different stakeholders (analysts, general 
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audience, etc.) may require different types of 
visuals (Munzner, 2014; Poetzsch et al., 2020).  

PROMINENT FRAMEWORKS AND 
APPROACHES FOR DEVELOPING 
TAXONOMIES 
Many taxonomy frameworks incorporate multiple 
criteria. For example, a classic approach is to 
classify by data type and task simultaneously, as 
pioneered by Shneiderman (Shneiderman, 1996). 
Others add a third axis for interactivity (Keim, 
2002) or consider the audience’s skills and context 
(Poetzsch et al., 2020). 

Below, we review several major categorization 
approaches and how they justify organizing the 
“visualization space.” 

Data-Oriented Taxonomies 
One fundamental way to structure a taxonomy is 
by the type of data being visualized. Early 
frameworks in both information visualization and 
scientific visualization made data characteristics a 
primary axis: 

Data Dimensionality & Structure: Ben 
Shneiderman’s influential taxonomy (1996) 
enumerated seven data types: 1-dimensional, 2-
dimensional, 3-dimensional, temporal (time 
series), multi-dimensional (high-dimensional 
tables), tree (hierarchies), and network (graphs) 
(Shneiderman, 1996). This scheme spans data 
commonly encountered in different domains (e.g. 
spatial data vs. abstract relational data). Likewise, 
Keim (2002) categorized data into 1D, 2D, multi-
dimensional, text/hypertext, hierarchies, and 
graphs (Keim 2002). 

 These data-centric taxonomies help 
designers choose techniques suitable for the 
data’s form (for example, maps for geographic 
data or node-link diagrams for network data). 

Data Value Scales: Jacques Bertin’s 
Semiology of Graphics (1967) distinguished data 
by its scale or measurement level – qualitative vs. 
ordered vs. quantitative data (roughly nominal, 
ordinal, quantitative) (Bertin, 1983). Bertin argued 

that the type of data (categorical labels, ordered 
numbers, etc.) dictates which visual encodings are 
appropriate. This has influenced many later 
taxonomies; for instance, modern frameworks 
often start by asking if data is categorical or 
continuous to narrow down chart types. 

Domain-Specific Data: Some taxonomies 
separate visualization types by domain of 
application or data genre. A high-level distinction 
exists between scientific visualization (physical, 
spatial data like volumes or simulation results) 
and information visualization (abstract data like 
business metrics or text). For example, 
MacEachren (MacEachren, 1995) focuses on 
cartographic and geospatial visualization as a 
distinct classDomain-oriented classification is less 
about chart technique and more about data 
semantics (e.g. molecular visualizations vs. social 
network visualizations). Still, it underlines that the 
nature of data is a key factor in categorizing 
visuals. 

Data-centric frameworks justify their 
approach by noting that different data types 
inherently afford different visual representations 
and user interpretations. The taxonomy serves as 
a guide; given a dataset’s type, one can identify 
suitable visualization methods. For instance, 
Shneiderman’s (1996) data-type list was meant to 
ensure user interfaces support all common data 
forms in a unified form. Similarly, Keim’s (2002) 
orthogonal taxonomy included “data type to be 
visualized” as the first of three criteria for 
classifying visualization techniques. 

Task and Purpose-Oriented 
Taxonomies 
Another major perspective is categorizing 
visualizations by user task or purpose—i.e. why 
visualizing data is needed. Such taxonomies focus 
on the questions answered or insights obtained 
from a chart:  

Shneiderman’s Task Taxonomy: In the same 
1996 work, Shneiderman (1996) defined seven 
high-level tasks for interacting with visual 
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information: overview, zoom, filter, details-on-
demand, relate, history, and extract. 

 These tasks, often remembered as the visual 
information-seeking mantra, describe what users 
do to gain insight, especially in interactive 
systems. Shneiderman’s framework is a task-by-
data-type taxonomy, effectively creating a matrix 
of data forms and user tasks as a design space for 
information visualization. 

Analysis Task Typologies: Many researchers 
have refined task taxonomies. For example, Amar 
et al. (2005) listed low-level analytical tasks like 
retrieving value, finding extrema, sorting, 
clustering, etc., while Brehmer and Munzner 
(2013) proposed a multi-level typology of 
abstract visualization tasks (breaking down tasks 
by user action and goal). In practice, these 
schemes help classify visualizations by what they 
enable the user to learn or do. Their work 
identifies tasks ranging from high-level goals (e.g. 
discovering insights or presenting findings) down 
to specific actions (identify, compare, summarize, 
etc.) (Börner et al., 2019). 

Insight Needs and Chart Purpose: In applied 
settings, charts are often categorized by the story 
or relationship they convey. Stephen Few’s Show 
Me the Numbers introduced a graph selection 
matrix based on message types – e.g. time-series 
(trends), ranking, part-to-whole (composition), 
deviation, distribution, correlation, and geospatial 
patterns (Few, 2012).  

The Financial Times‘s Visual Vocabulary 
(Financial Times, 2018) similarly groups 
visualizations into nine data relationship 
categories: change over time, ranking, correlation, 
distribution, deviation, magnitude, part-to-whole, 
spatial, and flow structures. 

 Each category corresponds to a common 
communication purpose – for instance, to show 
change over time, one might use a line chart to 
show part-to-whole, a pie or treemap, etc. This 
purpose-driven taxonomy is meant to guide 
practitioners in choosing the “right” chart based 

on the question being answered or the story 
being told. 

Task-oriented taxonomies are justified by the 
idea that effective visualization begins with 
understanding why the user needs the chart. By 
classifying visualizations according to user goals, 
these frameworks provide a semantic structure: 
e.g., two charts different from a bar graph and a 
dot plot might both serve a ranking purpose and 
thus belong in the same category of use. 
Researchers like Shneiderman argued that a task 
taxonomy ensures interactive tools support all 
key user needs (from getting an overview to 
drilling down for details). In industry, purpose-
based taxonomies (like FT’s Visual Vocabulary) are 
valued as training tools that help you choose the 
right visualization based on data type – whether 
categorical, temporal, relational, or hierarchical – 
and the story you want to tell. This approach 
centers the communication intent or analysis task 
as the organizing principle. 

Visual Encodings and “Grammar” 
Approaches 
Some classification systems focus on visual 
encoding techniques—the building blocks that 
make up charts. Instead of treating each chart 
type as a separate category, these frameworks 
break visualizations down into primitives (marks 
and channels) and classify those:  

Bertin’s Visual Variables: Bertin’s seminal 
work identified basic graphical elements (marks 
like points, lines, and areas) and their retinal 
properties (visual variables like position, size, 
shape, colour, intensity, texture, orientation) 
(Bertin, 1983). 

 Any given visualization can be described by 
how it uses these variables to encode data. 
Although Bertin’s focus was on components 
rather than an explicit taxonomy of chart types, 
his system effectively categorizes visuals by their 
encoding choices. For example, a heatmap and a 
bar chart use position on one axis but differ in that 
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one uses colour intensity while the other uses 
length to encode values.  

Grammar of Graphics: Leland Wilkinson’s 
Grammar of Graphics (Wilkinson, 2005) took the 
idea of a compositional approach further. 
Wilkinson proposed that all statistical graphics 
can be generated from a grammar of elements – 
data transformations, scales, coordinate systems, 
geometries (marks), and guides. Rather than a 
fixed taxonomy, the grammar is a framework that 
defines the space of all possible visualization 
designs. This perspective doesn’t list charts by 
name; instead, it classifies the elements (e.g. a bar 
chart combines categorical-to-spatial mapping 
with bar geometries, whereas a scatterplot is 
quantitative-to-spatial with point geometries, 
etc.). As noted by Cairo, the benefit is that thinking 
in terms of a grammar frees us from narrow “chart 
types” and encourages endless innovation in form.  

In other words, a grammar-based 
classification focuses on the underlying 
encodings and allows new or hybrid visualizations 
to be placed in the framework by their 
ingredients. 

Automated Design Rules: Related to 
encoding-focused taxonomy, Jock Mackinlay’s 
earlier work (Mackinlay, 1986) on expressiveness 
and effectiveness can be seen as a taxonomy of 
visual encoding rules. He ranked visual variables 
by how well they convey different types of data 
(e.g. position is most effective for quantitative 
data, color hue is appropriate for categorical 
distinctions, etc.). While not a taxonomy of chart 
types, this kind of framework categorizes the 
mappings from data to visuals, which indirectly 
differentiates classes of visualizations (e.g. those 
that use spatial position vs. those that rely on 
color or size encodings). 

The justification for encoding-centric 
frameworks is that all visualizations are built from 
a common set of parts, and understanding these 
parts provides a deeper, more flexible 
classification than a flat list of chart types. 
Advocates argue that taxonomies which simply 

enumerate chart types can be shallow; instead, 
learning the alphabet of visualization (marks and 
channels) enables one to understand and even 
create new types. This approach underpins many 
modern tools: for instance, Wilkinson’s grammar 
influenced the design of the ggplot2 library in R, 
which allows users to compose visualizations 
from grammatical components. 

Multi-Dimensional and Hybrid 
Frameworks 
Because data visualization is multi-faceted, 
several frameworks combine multiple criteria into 
multi-dimensional taxonomies or models:  

Task by Data Type (Shneiderman): As 
noted, Shneiderman’s 1996 taxonomy crossed 
seven data-type categories with seven high-level 
task types. This effectively created a two-
dimensional matrix of visualization scenarios. It 
was an early recognition that you must consider 
both what data you have and what the user wants 
to do with it. 

Three-Factor Taxonomies: Daniel Keim 
(Keim, 2002) explicitly proposed an orthogonal 
3D classification: (1) data type being visualized, (2) 
visualization technique used, and (3) 
interaction/distortion technique employed. For 
example, one might classify a specific tool as: data 
type = multi-dimensional table, technique = 
scatter plot matrix (geometric 2D display), 
interaction = brushing & linking. The idea is that 
these three aspects cover the major independent 
choices in designing or categorizing a 
visualization 

What–Why–How and Nested Models: In her 
book Visualization Analysis and Design (Munzner, 
2014), Tamara Munzner articulates a nested 
model which separates concerns of what data is 
shown, why (the task/goal), and how (visual 
encoding and interaction technique). This isn’t 
presented as a simple taxonomy chart, but it 
provides a structured way to classify and design 
visualizations by mapping each aspect. For 
instance, one can categorize a visualization by its 
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data abstraction (network vs. table), task 
abstraction (identify outliers vs. compare values), 
and visual encoding idiom (e.g. node-link 
diagram with colour coding). Munzner’s and 
similar frameworks emphasize that a complete 
description or classification of visualization needs 
multiple coordinates (data type, task type, 
encoding type) rather than a single label. 

Complexity and User-Centric Dimensions: 
Recent work has added user and context 
dimensions into taxonomies. For example, a 2021 
study by Cavaller proposed a “dimensional 
taxonomy” aligning six elements of the 
communication process (content, graphic 
representation, encoding setup, design approach, 
medium, user) with an increasing scale of 
complexity in each (Cavaller, 2021). This results in 
a matrix where one axis represents aspects of the 
visualization (from data content to the end-user’s 
experience) and the other axis represents layers of 
complexity (from basic to interactive to 
integrative). The aim is to ensure completeness 
(covering all facets of a visualization project) and 
to account for complexity (simple vs. advanced 
forms) in a unified model.  

Another example is research on adaptive 
visualization taxonomies that consider user traits 
and goals: Poetzsch et al. (2020) argue that 
visualizations should adapt to user expertise and 
intention (e.g. distinguishing between a user 
monitoring data vs. analyzing deeply). They 
propose a taxonomy incorporating factors like the 
user’s statistical literacy and the task context to 
recommend chart types (Poetzsch et al., 2020).  

Hybrid frameworks are typically justified as 
more comprehensive. By structuring the problem 
along multiple axes, they attempt to capture the 
richness of the visualization design space. For 
instance, Keim notes that his three criteria are 
independent choices, so an author can pick one 
from each to describe any visualization. 
Munzner’s model is justified by the need to 
separate concerns for clearer thinking and to 
ensure all aspects (data/task/encoding) are 

considered during design. The newer user-
centred taxonomies are motivated by 
observations of variability in user preferences – 
i.e. the same data might be visualized differently 
depending on user background.  

In summary, multi-dimensional approaches 
acknowledge that no single criterion suffices; 
visualizations can be classified along several axes 
simultaneously. 

IMPLICATIONS FOR BUILT 
ENVIRONMENT DESIGN DATA 
Existing research highlights the critical role of 
visualizations in user engagement and design 
decisions but lacks consensus on how people 
interpret visualizations specific to built 
environment design. Based on the insights from 
existing visualization taxonomies, we developed a 
five-level taxonomy specifically designed to 
categorize spatial and non-spatial visualizations 
frequently employed in public engagement and 
built environment design contexts. (Table 1). This 
taxonomy integrates several established criteria 
from previous frameworks, including data 
complexity, visualization interactivity, user literacy 
requirements, and task specificity. Inspired by 
data-oriented and task-oriented classifications 
(Shneiderman, 1996; Keim, 2002; Brehmer and 
Munzner, 2013), it begins with simple, static 
visualizations that require basic comprehension 
skills and progresses toward more interactive and 
integrative visualizations demanding higher levels 
of user interaction and analytical capabilities. This 
approach addresses the unique demands of 
visualizing built environment data by 
distinguishing spatial from non-spatial 
visualizations. The subsequent sections detail our 
methodological approach and present the results 
from participant interactions and interpretations 
of these visualizations.  
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Category 
 
Attributes 

Example Visualization 

Spatial Non-Spatial 

Level 1 
Single 
Visualizations that 
can be read and 
understood 
without requiring 
any action. 

  

Level 2 
Two 
complementary 
visualizations that 
can be 
comprehended by 
making relevant 
connections. 

 
 

 

Level 3 
Visualizations that 
are interactive and 
require user input 
to switch between 
data visualizations. 

  

Level 4 
Requires selection 
from source data 
to create a 
visualization. 

  

Level 5 
Requires all of the 
previous skills 
(level 1-4) 

  

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
0 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

 
 
 
 
 
 
 
 

 

Table 1 
Different 
Categories of 
spatial and non-
spatial data 
visualizations and 
their examples. 
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STUDY METHODOLOGY 
We invited 20 participants (age range 15 to 45, 
µ=29) recruited by snowball sampling. Given the 
resource constraints, the sample size was practical 
for a small-scale, exploratory study, allowing 
enough space for analysis. All participants joined 
the study voluntarily.  

We asked the participants to fill out a survey 
to collect data on their data literacy level on 
reading visualizations and design representations. 
The survey included data and design views from 
everyday life, such as health data, election results, 
mobile app usage, and route planning on online 
maps. These visualizations are ubiquitous and can 
be found everywhere today. Similarly, we 
collected design representations such as 3D 
renderings of architectural projects, floor plans 
for marketing, furniture assembly diagrams, 
spatial navigation maps and more. We composed 
five-level questions for the performance and form 
categories with increasing visual and interaction 
complexity (Table 1).  

Subsequently, we presented them with 
questions based on these visualizations to assess 
their ability to interpret the data. Their responses 
were collected using a Microsoft Form, and we 
assigned points based on their answers. Each 
correct answer received one point, while an 
incorrect answer received zero points. For open-
ended questions with multiple correct answers, 
the preferred answer scored 1 point, and non-
preferred answers scored 0.5 points. This 
approach allowed us to score our participants and 
collect data related to each participant's ability to 
comprehend spatial and non-spatial data 
visualization.  

FINDINGS 
We asked participants (n = 20) to answer 

questions about data and design visualizations 
with difficulty levels from 1 (easy) to 5 (difficult). 
For example, Level 1 visualizations require 
reading a simple graph like a pie chart, bar graph, 
or line graph. In Level 5, data review required 

connecting multiple visualizations, such as the 
daily average credit scores with a credit 
classification in a list (Table 1). Level 1 was a 
rendered floor plan of an apartment as a design 
representation, while Level 5 involved a 3D model 
with corresponding design data. 

 

 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
The survey results distinguished participant 

performance of data and design literacy tasks 
across five difficulty levels (Figure 1). Participants 
performed significantly better on data 
visualizations, with the highest mean score of 4.45 
(σ = 0.69) at Level 1. We observed a steady decline 
as task complexity increased, reaching a low of 
1.65 (σ = 0.49) at Level 3. In contrast, participants 
struggled more with design literacy, achieving a 
much lower mean score of 1.80 (σ = 0.41) at Level 
1, with slight improvement at Level 4 (µ = 2.85, σ 
= 0.75), though still behind data literacy across all 
levels. The lowest performance in design tasks 
was observed at Level 2, with a mean of 0.80 (σ = 
0.41), indicating significant difficulty with 
moderately complex design visualizations. 

Figure 1 
Data vs design 
Participants' 
response and 
performance.  
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CONCLUSION  
In this study, we proposed a five-level 

taxonomy for data visualizations specific to the 
built environment, integrating interactivity, user 
literacy, data complexity, and task specificity. The 
taxonomy supports designers and researchers in 
aligning visualization types with user needs, 
stakeholder literacy, and project goals. This study 
encourages reflection on context and intended 
use, promoting inclusive and accessible visual 
communication. Practically, it can guide public 
engagement tools and communication strategies 
in architecture and planning. By helping users 
navigate complex spatial and non-spatial data, 
this taxonomy fosters more equitable and 
meaningful participation in design processes. 

The study's findings reveal nuanced insights 
into the use and effectiveness of various data 
visualization taxonomy approaches. Each 
taxonomy framework exhibits distinct strengths. 
For example, data-oriented taxonomies such as 
Shneiderman’s and Keim’s offer systematic 
classification based on inherent data 
characteristics, making them particularly effective 
for determining visualization techniques based on 
data structure. On the other hand, task-oriented 
taxonomies, like those proposed by Brehmer and 
Munzner or Few, shine in contexts where user 
goals and analytical intentions are central to chart 
selection. Encoding-based frameworks like 
Bertin’s and Wilkinson’s Grammar of Graphics 
allow for compositional flexibility and innovative 
visualization creation, while hybrid models and 
multi-dimensional taxonomies, including 
Munzner’s nested model and Cavaller’s 
dimensional approach, provide a more holistic 
view that integrates user context, task, and data 
type. However, these frameworks also present 
limitations. Data-oriented models may neglect 
user-centric concerns, while task-based models 
often lack specificity for domain-specific use 
cases. Encoding-based taxonomies require a 
deep understanding of perceptual theory, which 

may not be accessible to all practitioners. 
Furthermore, while comprehensive, multi-
dimensional approaches can be overly complex 
for practical use by non-experts.  

Through developing and evaluating a five-
level taxonomy, this study demonstrates how 
visual complexity, interactivity, and literacy 
requirements impact user engagement and 
interpretation of both spatial and non-spatial 
design data. By aligning visualization strategies 
with user capabilities, the taxonomy facilitates 
more inclusive and accessible decision-making 
processes. 

FUTURE WORK AND LIMITATIONS  
 

This paper highlighted existing research on data 
visualization taxonomies and created a 
framework for visualizations in built environment 
design. However, the participation group size for 
the user study was limited to only 20 participants, 
which could limit the generalizability of the study. 
A larger and more demographically varied sample 
would provide more robust evidence for the 
taxonomy’s adaptability and effectiveness across 
different stakeholder groups and contexts. 
Further studies should also explore the impact of 
repeated exposure to complex visualizations on 
users' literacy development, mainly through 
longitudinal and mixed-methods research. We 
acknowledge that incorporating insights from 
cognitive science and adaptive technologies 
would be helpful for future research. 

Moreover, future research should focus on 
expanding the taxonomy to accommodate more 
diverse contexts and data types and exploring 
how emerging technologies like augmented 
reality or AI-driven personalization might refine 
the adaptability and utility of data visualization 
frameworks. More empirical studies are needed 
to assess real-world impact, validate the 
effectiveness of proposed structures, and inform 
the creation of universally accessible visualization 
tools. 
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