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Figure 1: The three-phase process for curating the beautiVis dataset from the r/dataisbeautiful subreddit. We collected monthly
JSONL archives and filtered out deleted or removed posts. Next, we processed the remaining content by extracting static images,
cleaning post metadata (e.g., titles and unique identifiers) and organizing data into structured CSV files. Finally, we implemented an
automated labeling pipeline that distinguishes visualizations from non-visual content, automatically annotates chart types and topical
categories based on both image content and post titles, and maps identified visualizations to the MASSVIS taxonomy.

ABSTRACT

Visualization researchers are increasingly leveraging artificial intel-
ligence (AI) and machine learning (ML) models to design visual-
ization tools that support complex analytic workflows. Effectively
applying these models in visualization contexts involves fine-tuning
to account for visualization-specific features, which in turn requires
large, annotated visualization datasets. We present an annotated
dataset, beautiVis, sourced from Reddit’s r/dataisbeautiful subreddit,
consisting of 52,836 information visualizations from 2012 to 2025.
Each visualization is annotated with structured metadata including
chart types (e.g., bar chart, line chart, scatter plot), topical categories
(e.g., climate, politics, United States), and social engagement met-
rics (e.g., upvotes, downvotes). This dataset captures real-world
visualization design practices across diverse domains over a 10+
year span, presenting researchers with opportunities to train mod-
els to learn the grammar of axes, gridlines, and glyph encodings
present in visualizations and analyze temporal trends in data sto-
rytelling and community interaction on Reddit. The full dataset
is publicly available at: https://osf.io/pkj7s and https:
//huggingface.co/datasets/beautiVis/beautiVis.
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1 INTRODUCTION

As artificial intelligence (AI) continues to transform scientific and
analytic workflows , researchers are increasingly turning to AI and
machine learning (ML) models to design visualization tools that
support complex data interpretation, reasoning, and decision-making
(14). Yet, a fundamental challenge remains: most of these models are
trained on natural images, which differ from data visualizations in

*Kylie Lin and Sean Sheng-tse Ru contributed equally to this work as
co-first authors. email: klin368@gatech.edu, sru3@gatech.edu

†email: minsuk@gatech.edu
‡email: cxiong@gatech.edu

both structure and the perceptual mechanisms they engage (11; 18).
Consider saliency prediction, a common task in both AI computer

vision and visualization research (6; 32). While existing saliency
models excel at predicting attention in photos and natural scenes,
they fall short when applied to data visualizations (25; 34). This
gap stems from a mismatch between the visual characteristics of
natural images and the symbolic nature of data visualizations, likely
influenced by a lack of quality training data. Therefore, bridging
this gap requires not only visualization-specific models but also
large-scale, diverse visualization datasets that reflect how people
design, share, and interpret visualizations in the real world.

Such datasets remain scarce. Existing collections such as
MASSVIS and ChartQA are limited in size, complexity, or scope (4;
24). As a result, progress in perceptual modeling, chart classification,
and visualization recommendation systems has been constrained by
a lack of representative training data (21). We posit that diverse
and complex annotated datasets are essential for accelerating both
theoretical and applied advances in the visualization community.
Recent research underscores the promise of community-sourced
visualization datasets, especially those that capture real-world usage
and social feedback (1; 17). Social media platforms like Reddit offer
a valuable opportunity: they contain diverse visualizations created
by both experts and novices, span a wide range of domains, and
include built-in signals of quality and engagement through votes,
comments, and community moderation.

In this paper, we introduce a large-scale, open-source1 dataset,
beautiVis, derived from the r/dataisbeautiful subreddit (9). The
dataset comprises 52,836 information visualizations from 2012 to
2025. Each visualization is associated with a Reddit post or thread
and annotated with structured metadata, including chart types (e.g.,
bar chart, scatter plot), topical categories (e.g., climate, politics), and
social interaction metrics (e.g., upvotes, downvotes). This dataset
spans more than a decade of content and reflects evolving design
practices and communicative strategies in the public sphere.

1beautiVis on Open Science Framework: https://osf.io/pkj7s/
?view_only=098d28fdcb14454eb86833418491e60c
beautiVis on Hugging Face: https://huggingface.co/datasets/
beautiVis/beautiVis

https://osf.io/pkj7s
https://huggingface.co/datasets/beautiVis/beautiVis
https://huggingface.co/datasets/beautiVis/beautiVis
https://osf.io/pkj7s/?view_only=098d28fdcb14454eb86833418491e60c
https://osf.io/pkj7s/?view_only=098d28fdcb14454eb86833418491e60c
https://huggingface.co/datasets/beautiVis/beautiVis
https://huggingface.co/datasets/beautiVis/beautiVis


To construct the dataset, we collected monthly JSONL archives
from r/dataisbeautiful, verified active posts, and extracted asso-
ciated images. Through structured prompting of OpenAI’s GPT-
4o model (27), we generated high-level annotations such as chart
type and topic. The resulting corpus provides a rich foundation for
future research in AI-powered visualization analysis and genera-
tion, including saliency modeling, visualization recommendation,
and automated alt-text generation. By bridging the gap between
community-driven design and structured, machine-readable meta-
data, this dataset also offers a scalable foundation for developing
human-centered visualization tools.

Contributions: We contribute (1) A 52,836-item visualization
dataset with detailed metadata on visualization types and topics
designed to support future visualization and machine learning re-
search, and (2) A scalable, automated processing pipeline combining
web scraping and advanced classification techniques.

2 RELATED WORK

In this section, we review existing visualization datasets and auto-
mated visualization annotation methods.

2.1 Visualization Datasets and Metadata

Several visualization datasets have enabled large-scale analysis of
visual design, reader perception, and automated techniques for visu-
alization and analytics.

The MASSVIS dataset (3; 4) consists of 5,000+ static visualiza-
tions curated from government reports, news media, infographic
sites, and scientific publications. It has supported research on visu-
alization memorability and includes crowd-sourced memorability
scores and metadata such as chart type and source domain. VisIm-
ages (10) is a corpus of 200,000 visualizations extracted from web-
scraped images and alt-text. The dataset focuses on image-level
visual features and supports research such as automatic chart classi-
fication. Vis30K (7) provides 30,000+ annotated visualizations pri-
marily extracted from academic publications, offering metadata such
as chart type, scientific domain, and associated captions. While valu-
able for studying scientific visualization conventions and context-
specific design, they exhibit limited stylistic diversity compared to
those found in public-facing media, such as news or social platforms.

Similarly, VizNet (13) and VizML (14) collect and analyze tens
of thousands of visualizations generated on platforms like Plotly and
Tableau Public. These datasets are structured and programmatically
accessible, enabling large-scale machine learning analyses of design
patterns, recommendation systems, and predictive modeling of user
preferences. Yet, they primarily represent visualizations produced
in structured analytics settings, which may not capture the diversity
of visual storytelling styles used for broad public consumption.

Web-scraped datasets such as VizByWiki (20) and Beagle (2)
have demonstrated the feasibility of large-scale collection and clas-
sification, with Beagle focusing on the automatic extraction of vi-
sualizations from webpages and VizByWiki drawing on Wikipedia
content. Both focus heavily on vector-based formats (e.g., SVG)
and often exclude raster-based charts, which are common in public-
facing visualizations such as those shared on news or social media.

Our presented beautiVis dataset complements these existing re-
sources by offering a diverse collection of real-world visualizations
shared by the general public. We supplement existing datasets with
richer metadata including static raster visualizations accompanied by
rich metadata, such as chart type, data topics, and engagement met-
rics, across over a decade plus of content. These visualizations span
a broad spectrum of purposes, including informative, persuasive,
and exploratory designs intended for general audiences. To label
beautiVis, we employed an automatic labeling pipeline, informed by
a body of related literature which we turn to now.

2.2 Automated Visualization Extraction and Annotation
Recent advancements in automated visualization extraction have sig-
nificantly improved the scalability and reliability of datasets. Early
efforts like ReVision (31) relied on traditional computer vision meth-
ods, later evolving toward deep-learning-based frameworks such as
ChartOCR (23), enhancing accuracy in text and numerical extraction.
Other interactive systems such as ChartSense (15), which allowed
extraction of chart data with user involvement, and approaches aimed
at reverse-engineering visual encodings (29) provided valuable in-
sights into chart interpretation.

However, challenges remain for stylized or complex visualiza-
tions common in informal web contexts. Specialized benchmarks
such as ChartQA (24), DVQA (16), and PlotQA (26) were devel-
oped specifically to generate structured question-answer pairs aimed
at evaluating visual comprehension and numeric reasoning capabil-
ities of automated systems. ChartQA focuses on real-world chart
images, requiring logical and visual reasoning. DVQA emphasizes
understanding of synthetic bar charts through visual perception and
numeric tasks, and PlotQA targets numeric reasoning using synthetic
scientific plots. While these benchmarks support advancements in
visualization comprehension tasks, they underscore the necessity of
datasets with richer annotations and realistic complexity to address
broader automation challenges effectively.

More recent approaches such as Chart2Vec (8) demonstrate the
potential for embedding visualizations to support automated retrieval
and recommendation, reinforcing the value of structured annotations
in supporting advanced analytical tasks. These developments col-
lectively emphasize the ongoing need for comprehensive datasets
featuring diverse visual formats, detailed metadata, and realistic
contexts to enhance automation and research capabilities.

3 METHODOLOGY

In this section, we describe our dataset curation process.

3.1 Data Collection
To collect posts and associated static images from the
r/dataisbeautiful subreddit, we focused on the period from February
2012, when the community was founded, to January 2025, the most
recent full month of data available at the time of collection. Because
Reddit’s API limits the number of accessible posts per category (e.g.,
New, Hot) to only 1000 posts per call, we found it impractical for
large-scale scraping. Thus, we chose instead to make use of the
Arctic-shift Reddit Documentation Download Tool (28), which
allows bulk downloads of post data for a given subreddit or user.

We downloaded and parsed all post data from r/dataisbeautiful,
skipping posts that had been deleted or removed by moderators for
being off-topic, low-quality, or inappropriate. As a result, the dataset
benefits from strong content curation through both automated filters
and human moderators. To support temporal analyses and avoid
API rate limits, we processed the data into monthly batches. We
aggregated the processed data while retaining original post details,
timestamps, and unique identifiers for traceability.

3.2 Data Processing and Metadata Structuring
Once the monthly files were downloaded, each record was parsed
into a flat table and written to a CSV file. For every post, the
original title was reformatted to remove punctuation and excessive
whitespace. In a separate field, we assigned a unique identifier to
each file based on its Reddit post upload date; the same string is
later used as the filename for the corresponding image, guaranteeing
one-to-one mapping between metadata and image.

We then utilized BeautifulSoup (30), a Python web scraping
library, to only extract static images (PNG, JPG, JPEG, or SVG)
with our file number naming scheme. Links that led to animated
GIFs, videos, and other non-static media were logged for future
analysis. Images successfully downloaded were then labeled.



3.3 Labeling Images
We created an automated labeling pipeline with OpenAI API (27),
using the GPT-4o model.

Prompt Engineering and Generating Labels: To annotate the
images at a large scale, we used the GPT-4o model through the
OpenAI API to label the scraped images. Our initial approach
simply asked the model to determine whether each image was a
visualization or not, but this resulted in all images being incorrectly
labeled as non-visualizations. To address this, we refined our prompt
strategy to perform three key functions simultaneously:

1. filter visualizations from other content (e.g., photographs).
2. classifying the type of any detected visualizations.
3. tagging images with relevant topical categories derived from

both the visual content and accompanying post titles.

The final prompt is included in the supplemental material and
began with a precise definition of data visualizations as graphical
representations of structured data, followed by 20 concrete examples
of valid chart types (e.g., bar charts, scatter plots, choropleth maps)
and 5 clear non-examples (e.g., photographs, illustrations, plain
text). Crucially, we designed the prompt to not constrain responses
to our provided list of chart types, allowing the model to identify
chart types that we had not anticipated, while the examples served as
anchoring references for common visualization forms. For over 50k
images, we document the average cost for the labeling process using
the OpenAI API to fall roughly between $75-100, with roughly 1500
input tokens per image and roughly 25-50 output tokens per input.

The model was instructed to output a list of chart types and a list of
topical categories. If the list of chart types had only ’none’, the image
was labeled as a non-visualization. This compact format minimized
token usage and simplified downstream parsing. Individual requests
that fail indicate the image is corrupt, and the image is skipped. Any
batches that run abnormally long or fail outright were rerun.

Normalization and Post Processing: Despite these precautions, the
model’s outputs required post-processing to correct typographical
variations/errors (e.g., “cholopleth” → “choropleth”), standardize
unexpected variations of some chart type names (“line chart” → “line
graph”), and clean unwanted characters. We also used a cleaning
script to ensure that the output matched to our intended list format.

Chart Types Consolidation: The initial labeling process identi-
fied over 600 chart types. Following established practices (12), we
adopted a modified version of the MASSVIS categorization system
to group chart types into 12 overarching categories (see Table 2) with
an additional Other category for unclassifiable cases. This catego-
rization serves three key purposes: it enables meaningful statistical
comparisons across visualization types by reducing sparsity, aligns
with perceptual and cognitive distinctions in how readers interpret
visual encodings, and facilitates comparison with prior visualization
research that uses similar taxonomies. To implement this, we pro-
vided GPT-4o with both our complete list of unique chart types and
detailed documentation of the MASSVIS categories, prompting it to
generate a mapping dictionary between the two.

3.4 Validation of Model-Generated Annotations
To assess GPT-generated annotations, we conducted a manual val-
idation of a stratified sample of 300 images from the dataset. The
sample included 100 images that our model had classified as non-
visualizations and 200 classified as visualizations. Two trained
research assistants independently coded the 300 images via the same
annotation protocol used in the automated process. Disagreements
between coders were discussed and resolved through consensus,
resulting in 100% agreement in the final human annotations. These
human-verified labels were treated as the ground truth for subsequent
comparison with labeling from the automated pipeline.
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Figure 2: The monthly distribution of posts submitted to
r/dataisbeautiful from February 2012 to January 2025. Blue rep-
resents Visualizations: posts with a valid data visualization image.
Red represents Non Visualizations: posts where the image is either
absent or does not depict a data visualization.

Among the 100 images that our model labeled as non-
visualizations, human coders identified seven as visualizations.
Among the 200 images that our model labeled as visualizations, hu-
man coders identified one as not a visualization and twelve that were
misclassified in terms of chart type. Based on these comparisons, the
inter-rater reliability between our model and the human coders was
Cohen’s κ = 0.939, indicating very high agreement (19). This result
demonstrates that our model was highly accurate in differentiating
visualization content from non-visual materials and classifying the
chart type. The discrepancies in chart-type classification involved
visualization types such as cartogram, choropleth map, line chart,
box plot, area chart, waffle chart, icon array, and several instances
involving multiple visualizations (e.g., combinations of bubble chart,
bar chart, and map; or network, map, and bar chart).

These results suggest that while GPT-4o achieves high reliability
in identifying visualizations, minor discrepancies persist in differen-
tiating among fine-grained visualization types, particularly in chart
composite, maps, and less common formats. Overall, the valida-
tion indicates that our model’s automated annotations are robust
for large-scale visualization identification, with modest room for
improvement in subtype labeling.

4 RESULTS

We present our annotated dataset, detailing its structure, chart types,
high-level categories, and key statistics from our analysis.

4.1 Dataset Composition
Overall, GPT-4o classified 52,836 images as visualizations and
10,044 images as non-visualizations, while 48 images were iden-
tified as corrupted. We organized the data into separate CSV files
for visualizations and non-visualizations, along with corresponding
image folders to support analysis and exploration. The visualization
CSV files contain columns that reflect the three processing phases.
First, the original metadata (prefixed with json) fields extracted
from JSON files, such as post titles, authors, URLs, and engage-
ment metrics. Second, the post-processed columns (prefixed with
pp) contain cleaned titles and image filenames. Lastly, the GPT-
generated label columns (prefixed with gpt) provide the identified
chart types, their standardized cleaned versions, high-level topical
categories, and the corresponding MASSVIS taxonomy groupings.
The non-visualization CSV files include the original metadata and
two GPT-processed fields: chart type (labeled none) and high-level
category (if applicable). Prefix labels were omitted.

4.2 Visualization Types and High-Level Categories
Our initial classification identified over 600 chart types, some of
which were duplicate or very similar visualizations with different
names. This was due to inconsistent terminology, excessive de-
tails (e.g., “3d bar chart” vs plain “bar chart”), and overly specific
hybrid labels (e.g., “animated political spectrum chart”). Table 1



Table 1: Most Frequent Chart Types and Categories in the Dataset

Top Chart Types Topical Categories

Chart Type Count Category Count

bar chart 12,253 trends 13,100
line graph 10,660 geography 6,047
choropleth map 9,497 demographics 5,555
scatter plot 3,803 united states 4,120
area chart 2,198 health 4,116
heatmap 1,889 politics 3,814
sankey diagram 1,835 sports 3,754
bubble chart 1,773 data analysis 2,949
network diagram 1,389 finance 2,918
pie chart 1,308 covid-19 2,904
donut chart 689 history 2,616
histogram 584 economics 2,611
map 296 statistics 2,478
box plot 290 technology 2,410
slope chart 254 economy 2,308
radar chart 225 social media 2,251
violin plot 217 environment 1,940
waffle chart 203 countries 1,771
chord diagram 190 elections 1,758
dot plot 182 population 1,726

Table 2: Categorizing Our Dataset with Labels from MASSVIS

Type Count Type Count

Bar 12,499 Grid & Matrix 1,947
Line 11,011 Trees & Networks 1,588
Maps 10,329 Distribution 1,125
Point 5,760 Table 38
Circle 2,257 Text 6
Area 2,216 Other 932
Diagrams 2,008

summarizes the most frequent chart types as well as the top high-
level categories. Table 1 also presents the frequency distribution of
processed chart types, with bar charts being the most popular. Simi-
lar to the chart types, the high-level categories had variations, like
“United States” vs. “USA”, which artificially inflates the number
of unique labels. The most frequent high-level thematic categories
were trends (13,100), geography (6,047), and demographics (5,555).
The files listing counts for all chart types and high-level categories
are included in the supplemental material.

Table 2 provides the MASSVIS chart type categories and their
counts. The most frequent MASSVIS chart types were Bar (12,499),
Line (11,011), and Maps (10,329), whereas Table (38) and Text (6)
significantly lack presence. The Other category had 982 images,
which were specialized or unconventional types that didn’t fit into the
standard taxonomy (e.g., ’mouse movement tracking visualization’).

5 DISCUSSION & FUTURE WORK

Next, we discuss limitations in the dataset curation and opportunities
for future work building off of the BeautiVis dataset.

5.1 Scalability, Label Quality, and Manual Verification
Our pipeline combines web scraping with LLMs to enable scalable,
automated dataset generation. While effective, future work can
further refine this approach to enhance label quality and coverage.
Some scraped images were blurry, incomplete, or were missing
context. GPT-4o occasionally produced false positives and false
negatives when classifying visualizations.

In addition, the level of detail in LLM-generated labels presents
both advantages and challenges. By giving GPT-4o the flexibility to
identify a broad set of visualization types other than what was listed

in our prompt, we encountered cases of inconsistent terminology, ex-
cessive details, and overly specific hybrid labels. This highlights the
challenge of achieving a balance between flexibility and consistency
and emphasizes the need to improve prompt engineering for the au-
tomated labeling process to significantly improve data quality (36).
Due to the limitations of LLMs, manual verifications are important.
Human reviewers can effectively address errors, contextual ambi-
guity, and other inconsistencies generated by LLMs. Future work
can focus on developing a systemic approach for integrating manual
validation efficiently along with automated labels to ensure data qual-
ity. Future work could integrate chain-of-thought prompting (35) to
encourage intermediate reasoning steps, potentially reducing errors
and improving the consistency of automated labeling.

5.2 Platform-Specific Limitations
Relying exclusively on the r/dataisbeautiful subreddit introduces
several platform-specific limitations. First, the subreddit has strict
moderation rules that shape the content and types of visualizations
collected. For example, submitted posts should contain the sub-
reddit’s qualifying visualizations, provide a direct link to original
sources, use clear and unbiased titles, comply with anti-plagiarism
guidelines, and follow weekly posting restrictions (e.g., political
topics are allowed only on Thursdays and personal data only on
Mondays). This results in most posts being removed by moderators,
with many submitters having to resubmit their posts multiple times.

In addition, the subreddit only allows users to interact in English;
this includes posts, text within visualizations, and comments. Fur-
ther, topic-wise (as shown in Table 2) ’united states’ is #4 on the
list of top topical categories. This suggests that the discussions
are largely US-centric, similar to a broader pattern in HCI research
where roughly 73% of CHI paper findings come from Western sam-
ples, with 45.8% from the US alone (22). This US-centric focus may
bias the themes, data sources, and design methods of posts in the
subreddit toward American contexts, limiting the generalization of
the dataset to a global population. Future work should incorporate
visualizations and community interactions from more geographi-
cally and culturally diverse platforms and domains to offer a more
representative understanding of global visualization practices.

5.3 Opportunities for Future Insight
The beautiVis dataset presents several opportunities for future re-
search, which we outline below.

Social Computing Insights: A key strength of the dataset is its so-
cial interaction data, including upvotes, downvotes, and the number
of comments associated with visualizations. These metrics allow
for analysis of social dynamics and temporal trends. For instance,
looking at the visualization metadata, there are a total of 76,047,285
upvotes and only 3,908 downvotes, providing the insight that the
r/dataisbeautiful subreddit is largely a place where users receive pos-
itive feedback on posted visualizations. Additionally, it is possible
to examine how the amount of upvotes associated with high-level
categories changes over time. As an example, Figure 3 shows five
categories that consistently appeared in the top five most upvoted
categories (“politics,” “geography,” “demographics,” “united states,”
and “social media”) and how they change over time.

Political visualizations were prominent in the early years of the
subreddit, peaking around major election cycles. Relative popu-
larity declined after 2017 but gradually recovered in subsequent
years, likely reflecting renewed engagement with data-driven polit-
ical discourse. In parallel, visualizations about social media and
demographics gained traction, indicating a growing public interest
in how digital platforms and population patterns shape social life.

Across all years, the subreddit exhibits a clear U.S.-centric orien-
tation. Visualizations categorized under United States consistently
received high levels of engagement, underscoring the predominance
of American data sources and topics within the community. This
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upvotes from 2012 to 2025. Years where top terms do not appear
indicate that their ranking dropped below the top-5 for that year.

trend may reflect both the platform’s English-speaking user base and
the broader cultural prominence of U.S.-related data narratives in
online discourse. Overall, the temporal patterns in topic popularity
reveal how collective interests within r/dataisbeautiful evolve in
response to sociopolitical contexts, technological developments, and
the community’s demographic composition.

Future enhancements beautiVis could capture additional social
interaction metrics, such as the content of posted comments to allow
for a deeper understanding of how visualizations posted are received
by the community. These social metrics can guide our understanding
of online user engagement patterns, the evolution of visualization
techniques, and public reception of these techniques.

Temporal Insights: Another strength of the beautiVis dataset is
its temporal metadata. Since posts are organized by date, future
studies can analyze observable shifts that tie to historical events. For
example, in March and April of 2020, there was a notable spike
in posts in the subreddit focused on the COVID-19 pandemic. Ex-
amining the most popular chart types over time (as in Figure 4)
reveals that bar charts, line plots, maps, and point charts were con-
sistently the most popular charts from 2012 to 2025; however, while
maps were the first most popular in the subreddit’s earlier years,
they dropped to second and third starting in 2015. This suggests
an overall preference for common chart types, accompanied by a
gradual shift from geographically grounded narratives using maps
toward data-driven comparisons and temporal analyses using bars
and lines. By analyzing the high-level topical categories column and
comments associated with the posts, future research efforts can gain
contextual insights on various historical events.

Original Content Insights: Finally, future work could also leverage
the dataset’s substantial volume of Original Content (OC) posts.
These posts, marked with ‘[OC]’ in their titles, refer to ones con-
taining visualizations created and shared directly by their original
authors. The subreddit requires OC creators to explain their visu-
alization methods, the data sources used, and the specific tools or
software used to create the visualization in their post’s comment
section. This transparency encourages high-quality submissions,
promotes ethical sharing behaviors, provides valuable context, and
inspires interactions like discussion and feedback.

6 CONCLUSION

Our automated approach and dataset set a foundation for future
datasets and methods by introducing a reproducible and improvable
pipeline. The ability to generate labels and other annotations for
information visualizations can be used for a wide variety of tools
and studies, such as building real-world visualization search engines
with vector embeddings (8). The visualizations in the dataset can
also be used to generate large-scale question-answer pairs with the
structured labels and metadata (16; 24; 26). The dataset itself can
support benchmarking of LLMs for chart understanding (5), reason-
ing capabilities (35), and alignment with human interpretations (33).

1

3

4

5

2

2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025

Year

R
an

k Bar

Line

Maps

Point

Most Prevalent Charts Over Time

Figure 4: The top four most popular chart types and their relative
popularity from 2012 to 2025.
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