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Data visualization (DataViz) libraries play a crucial role in presentation, data analysis, and application de-
velopment, underscoring the importance of their accuracy in transforming data into visual representations.
Incorrect visualizations can adversely impact user experience, distort information conveyance, and influence
user perception and decision-making processes. Visual bugs in these libraries can be particularly insidious as
they may not cause obvious errors like crashes, but instead mislead users of the underlying data graphically,
resulting in wrong decision making. Consequently, a good understanding of the unique characteristics of bugs
in DataViz libraries is essential for researchers and developers to detect and fix bugs in DataViz libraries.
This study presents the first comprehensive analysis of bugs in DataViz libraries, examining 564 bugs
collected from five widely-used libraries. Our study systematically analyzes their symptoms and root causes,
and provides a detailed taxonomy. We found that incorrect/inaccurate plots are pervasive in DataViz libraries
and incorrect graphic computation is the major root cause, which necessitates further automated testing
methods for DataViz libraries. Moreover, we identified eight key steps to trigger such bugs and two test oracles
specific to DataViz libraries, which may inspire future research in designing effective automated testing
techniques. Furthermore, with the recent advancements in Vision Language Models (VLMs), we explored the
feasibility of applying these models to detect incorrect/inaccurate plots. The results show that the effectiveness
of VLMs in bug detection varies from 29% to 57%, depending on the prompts, and adding more information in
prompts does not necessarily increase the effectiveness. Our findings offer valuable insights into the nature
and patterns of bugs in DataViz libraries, providing a foundation for developers and researchers to improve
library reliability, and ultimately benefit more accurate and reliable data visualizations across various domains.
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1 Introduction

Data visualization (DataViz) is a representation technique employing various visual encodings,
such as size, angle, color, and shape, to convey information derived from data effectively. This
technique is extensively utilized across multiple domains, including presentation [59, 61], data
analysis [45, 58, 92], and web applications [40, 55, 73]. To facilitate the transformation of raw data
into meaningful graphic representations, various DataViz libraries have been developed, such as
matplotlib [68], ggplot2 [51], and Chart.js [43]. These libraries are sophisticated visualization tools
that offer a wide range of functionalities, including the capability to create different kinds of charts,
2D and 3D plots, images, and their combinations. These tools are designed to accurately depict
insights, such as patterns and trends, extracted from raw data.

Despite the popularity of these DataViz libraries, their inherent complexity often leads to the
emergence of bugs, which pose significant threats to both functional correctness and user experience.
These bugs are generally identified by users and subsequently reported in the respective repositories
of the libraries. A considerable number of these bugs can lead to incorrect functionalities, resulting
in the misrepresentation of data. Such inaccuracies may foster false perceptions of the presented
information, potentially leading to erroneous decision-making [70].

Figure 1 shows an example of data misrepresentation arising from a real bug in ggplot2. Users
invoke the ggplot2 APIs to draw a hexagonal heatmap to show a two-dimensional distribution
of 53,940 diamonds, with price in US dollars and carat weight as the dimensions of interest. This
example demonstrates a typical use of DataViz libraries to visualize complex datasets that are
difficult to interpret in text. However, the ggplot2 bug uses incorrect values to update the graphic
parameters (e.g., colors) of hexagons. The resulting plot (Figure 1a) incorrectly colors many deep
blue hexagons as light blues. After the bug is fixed, the data are correctly visualized in Figure 1b,
which contains only five light blue hexagons. This bug results in a misleading graphic representation
of the relationship between diamond’s price and carat. The diamonds dataset is large, comprising
53,940 entries. Users may not easily notice the anomaly, leading to incorrect data interpretation,
analysis, and decision-making. For instance, diamond sellers may conclude from Figure 1a that
diamonds ranging from 0.5 to 2.5 carats and priced between 5,000 and 7,500 are the most popular
among consumers, suggesting a business strategy to prioritize importing these diamonds. However,
the conclusion is incorrect and can lead to misguided inventory decisions and financial losses.
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(a) Faulty Figure (b) Figure After Bug Fix

Fig. 1. An lllustrative Example of Data Misrepresentation (ggplot2 Issue #5037 [29]). Some hexagons in the
heatmap are incorrectly colored, leading to the misrepresentation of the two-dimensional distribution.

The example above underscores the severe consequences that bugs in DataViz libraries can cause,
highlighting the need for an empirical study to learn how these bugs can be better detected and pre-
vented. DataViz libraries are distinct from other software libraries in their support of comprehensive
data conversion into visual representations, requiring full integration of data processing, graphic
computations, and rendering. Therefore, the insights from prior bug characterization studies in
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other domains [57, 83, 84] are mostly inapplicable, necessitating a focused investigation into the
specific nature of bugs in DataViz libraries. Existing research on DataViz libraries has primarily
addressed data misrepresentation or misleading visualizations resulting from improper usage, with
efforts focused on identifying the characteristics and impacts of such flawed visualizations [38, 85],
promoting best practices [69], and enhancing the design of visualization tools to minimize syntactic
errors and improve expressive flexibility [80, 88, 91]. However, no prior studies examine the data
misrepresentation caused by bugs in DataViz libraries. Inspired by the bug characterization studies in
other software domains [53, 64, 65, 83, 98], we study whether DataViz library bugs exhibit specific
characteristics that facilitate their better detection and prevention by tool automation.

We gathered a dataset comprising 564 bugs reported across the five most widely used open-
source DataViz libraries from September 2021 to August 2023. We carefully reviewed the associated
bug reports, discussions between users and developers, patches, and test cases to identify the
symptoms, root causes, and correlations between these factors, and make suggestions to prevent
such bugs. Additionally, we analyzed the key steps necessary to reproduce the bugs in the reports
and classify the types of test oracles employed. This comprehensive investigation aims to deepen
our understanding of effective, efficient, and varied bug detection in DataViz libraries. Furthermore,
leveraging recent advancements in Vision Language Models (VLMs), we explored the feasibility of
applying these models to enhance testing methodologies for DataViz libraries.

Our study obtained the following key findings. (1) Incorrect/inaccurate plot is the most prevalent
(39.89%) symptom in DataViz libraries, often involving issues with the presence, positioning, or
visual properties of graphic elements like shape, color, and scaling. Detecting such bugs is critical
to enhance the reliability of DataViz libraries and improve user satisfaction. (2) Incorrect graphic
computation is the major root cause, primarily stemming from ignoring special graphic specifications,
overlooking data boundaries, or writing incorrect expressions. Incorrect visual property updates
and parameter mishandling are also frequent root causes. The code logic related to them should be
comprehensively validated. (3) Visual property specification is the most frequent trigger of bugs in
DataViz libraries. Automated testing techniques that systematically generate test programs with
diverse visual property specifications are likely to effectively trigger bugs in DataViz libraries.
(4) Two image-related test oracles, i.e., comparing with external images and comparing two figures
generated by different programs are commonly used. These oracles may facilitate future testing
techniques for DataViz libraries. (5) VLMs may detect 29%~57% of incorrect plots, depending on the
prompts, and adding more information in prompts does not necessarily increase the effectiveness.
Future research may carefully design effective prompts to automatically test DataViz libraries.
Contributions. This study made the following contributions.

o We conduct the first comprehensive study of DataViz library bugs by analyzing 564 bugs collected
from five widely used DataViz libraries across different programming languages. The collected
data are publicly available at [37].

e We provide a taxonomy of the symptoms and root causes of bugs in DataViz libraries. We identify
key steps to trigger bugs and test oracles commonly used in DataViz libraries.

o QOur feasibility study on applying VLMs to detect bugs in DataViz libraries demonstrates the
potential for VLM-assisted bug detection, paving the way for future research in this area.

e We provide insights for developers on improving the maintenance of DataViz libraries and offer
directions for future research focused on bug detection and repair.

2 DataViz Libraries

DataViz libraries aim to transform raw data into graphic representations according to the graphic
specifications specified by users. While the architectures of DataViz libraries may vary based on
factors such as programming languages, plotting grammar design, and supported functionalities,
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their overall visualization procedures are similar. We illustrate this process with a matplotlib
example in Figure 2, which visualizes the distribution of final scores in a class of 20 students, with
each score interval spanning 20 units, i.e., five equal-length intervals in a range from 0 to 100.

Given a set of data for visualization, users first interact with these libraries through a program
consisting of plot APIs (e.g., matplotlib.pyplot interface in matplotlib, ggplot () call in ggplot2)
to specify how such data should be visualized. Such graphic specifications include the high-level
graphic elements used for data visualization, along with their high-level visual properties. For
example, the line with plt.hist() in Figure 2a instructs matplotlib to plot a histogram of scores
with 5binsina range [0, 100]. In this specification, “histogram” is the high-level graphic element to
be plot and bins=5 and range=(@, 100) specify two high-level visual properties of the “histogram”,
i.e., the number of bars in the “histogram” and the range of the x-axis representing scores.

Next, DataViz libraries perform graphic computations to transform data and high-level graphic
specifications into a comprehensive set of graphic elements with proper visual properties. Although
libraries utilize different architectures, all DataViz libraries share similarities in the core part of
these computations: the mapping of data to core graphic elements that visually represent the
data according to the graphic specifications. Such mapping focuses on transforming data into
visual properties that dictate the display of these elements, particularly those reflecting data and
statistics (i.e., visual encodings), such as colors in a heatmap. Additionally, graphic computations
encompass the creation of auxiliary graphic elements, such as titles, legends, and axes, to enhance
the readability of visualized data. In Figure 2, the graphic computations are performed during the
execution of the function plt.hist(), where the data scores is processed by tallying the number
of students within each interval, and the result is stored in hist_values. Then, the processed data
is mapped to graphic elements according to graphic specifications. Specifically, the student count
in each interval is mapped to the corresponding bar (i.e., rectangle), of which visual properties of
height and x are determined by the count and interval, as in Figure 2b.

Finally, graphical backends are invoked by DataViz libraries to render these graphic elements on
the screen, adhering to the specified visual properties from the previous step. Such backends serve
as an implementation of rendering commands based on external graphics systems such as AGG [1],
grid [7], PyQt [9], and so on. The majority of the backends, including AGG and grid, used by DataViz
libraries are non-interactive and thus only produce static images, and some interactive backends
like PyQt provide a Graphical User Interface (GUI) for user interaction. This overarching process
ensures that data is effectively represented in visual form. In our example, the bars are rendered by
the default backend of matplotlib according to their heights when executing plt.show(), resulting
in a histogram that effectively depicts the score distribution in Figure 2c.

Difference from GUI libraries and graphics engines. DataViz libraries are specifically
designed to visualize data using graphic representations, distinguishing them from other graphics-
related libraries such as GUI libraries [62, 63, 72] and 2D/3D graphics engines [47, 49, 52, 60]. While
some DataViz libraries integrate GUI and graphics engines in their backends, their primary emphasis
remains on mapping data to visual elements based on explicit user specifications while adhering to
implicit visualization principles, such as avoiding overlap, ensuring proper layout and spacing, and
applying appropriate annotations. In contrast, GUI libraries prioritize user interaction by managing
the display and behavior of widgets along with event sequences, while graphics engines handle
the rendering of 2D/3D objects based on their properties, such as positions, colors, and textures,
ensuring graphical fidelity and physical realism under different conditions. Consequently, their bug
characteristics differ: DataViz libraries are prone to errors in data-to-graphic transformation, while
GUI libraries often encounter issues with handling user action sequences [62, 72], and graphics
engines may face challenges in accurately rendering objects according to their visual properties [47].
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Fig. 2. An lllustrative Example of Visualization Process of DataViz Libraries.

3 Data Collection and Classification

This section introduces the steps in the collection and classification of bugs in DataViz libraries. To
select the DataViz libraries for investigation, we first went through multiple lists of open-sourced
DataViz libraries [6, 34], and take the following libraries into consideration: matplotlib, plotly.js,
d3.js, Chart.js, ggplot2, plotly.R, plotters, Plots.jl, Vega-Lite, altair, seaborn, Vega, Ploty.py, and
hGraph. Since our study aims to understand the bugs in general DataViz libraries, we excluded
the libraries that are either domain-specific or built on other DataViz libraries, such as seaborn
(statistic-specific library built on matplotlib) and Ploty.py (built on Ploty.js). We then grouped them
according to their programming languages, and selected the one that has the most number of
stars from each group. This strategy follows previous bug characterization studies [54, 84], and
enhances the generalizability of this study across diverse programming languages and widely used
libraries. In the end, five widely used DataViz libraries were selected for further investigation, i.e.,
matplotlib [68] written in Python, ggplot2 [51] in R, plotters [76] in Rust, Plots.jl [75] in Julia, and
Chart.js [43]! in JavaScript.? Each of these libraries has a high number of stars, indicating their
widespread community use. These libraries are well-documented with detailed descriptions of
API usages, clear definitions and constraints of parameters, and example scripts demonstrating
common use cases in their reference pages. These libraries are also actively maintained by their
developers, as evidenced by a significant number of commits, the number of contributors, and
their active discussions in issue-tracking systems. The comprehensive documentation and active
maintenance status ensure that these libraries provide reliable and up-to-date information, making
them well-suited for subsequent investigation. Table 1 shows the statistics of each selected library.
Following recent empirical studies [44, 83], we collected the bugs reported in the last two years
from each selected library before our study, i.e., from 1 September 2021 to 1 September 2023. The
two-year window balances recency and data volume, capturing enough representative bugs while
ensuring that the findings reflect current trends in bug characteristics, aiding ongoing software
maintenance and future research on bug detection. Specifically, we collected 753 bugs from their
issue-tracking systems and included only those accompanied by bug-fixing commits, which enables
us to understand the root causes of bugs. We excluded those reports that are not actual bugs, by
manually checking whether the developers explicitly stated or tagged in the issue tracking systems
that the reported issue was a bug. If it was unable to be determined, we further inspected the
commit messages and patches to decide whether it fixed a bug in the source code. A total of 189
issues unrelated to bugs, such as feature updates, documentation improvement, and error message
improvement, were discarded. In total, 564 bugs are collected for investigation, ensuring a 95%

1 Although D3.js has more stars than Chart.js, D3.js only has 3 fixed bugs in this duration and thus it is not selected. Among
the 2,207 total issues of D3.js, only 32 are linked to pull requests, while the majority relate to inquiries about API usage.
2The capitalization style of their names are inconsistent among each other and we use the style in their official documentation.
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confidence level with a 3.44% margin of error based on an estimated total of 1,850 reported bugs
identified through keyword-based searches for the term “bug” in the issue tracking systems.

In the classification, one researcher first investigated 20% of randomly sampled bugs and proposed
a draft of the taxonomy, including the categories and their definitions. Then all authors are involved
in discussing and refining the proposed taxonomy. Later, based on the refined taxonomy, two
researchers further individually investigated and classified all the collected bugs. During the
classification process, two types of disagreements arose. Occasionally, a researcher misclassified an
issue due to overlooking critical details. These disagreements were resolved through in-depth group
discussions, where the associated bug reports and their resolutions were thoroughly reviewed
to reach a consensus on the accurate classification. In other cases, certain issues did not align
with any existing category. To address this, all researchers collaboratively discussed and defined
a new category that appropriately encompassed the issue in question, as well as other potential
similar issues. The final inter-rater agreement, measured using Cohen’s Kappa coefficient, was 0.98,
indicating a high level of consistency between the two researchers.

Table 1. The statistics of the DataViz libraries in this study (up to Sept 2024). In total, 564 bugs are studied.

Library #Stars #Commits #Contributors Language #Collected Issues #Studied Bugs
Chart.js [43] 64.2K 3.8K 486  JavaScript 125 112
matplotlib [68]  19.8K 18.5K 1490 Python 288 258
ggplot2 [51] 6.4K 2.1K 322 R 109 50
plotters [76] 3.7K 0.3K 99 Rust 35 19
Plots.jl [75] 1.8K 2.2K 237 Julia 196 125

4 Research Questions and Findings

Our study aims to answer the following research questions. We systematically study these questions
using the collected data, conduct analyses, and make suggestions in the following subsections.
RQ1-Symptoms: What are the symptoms of DataViz library bugs? The symptoms of DataViz library
bugs reveal how they manifest themselves in the visual output and user experience. Understanding
these symptoms offers hints for the test oracle construction in test generation.

RQ2-Root Causes: What are the root causes of DataViz library bugs? Analyzing the root causes
of DataViz library bugs reveals the underlying issues leading to incorrect or misleading visual
representations. Understanding these root causes is crucial for crafting test inputs to trigger DataViz
library bugs. We also investigate the correlations between symptoms and root causes, which is key
to determining how to create inputs that deliberately produce a desired error symptom.
RQ3-Key Bug-Triggering Steps: What are the key steps in bug-triggering programs to manifest
bugs in DataViz libraries? This may shed light on how to effectively trigger bugs in DataViz libraries.
RQ4-Test Oracles: What are the test oracles used to verify if a bug is properly fixed in DataViz
libraries? Among the collected bugs, only 35.28% bugs are observed as crashes. Understanding
oracles for non-crash bugs is necessary to design new testing techniques for DataViz libraries.
RQ5-VLM-aided Bug Detection: How feasible is it to use vision language models for testing
DataViz libraries? Since VLMs have certain abilities to comprehend figures, they may be useful to
aid incorrect/inaccurate plots in DataViz libraries. This research question aims to take the first step
to investigate the feasibility of VLMs in this scenario.

4.1 Symptoms of Bugs in DataViz Libraries

We identify seven major bug symptoms in DataViz libraries. Among them, Incorrect/Inaccurate Plot
is specific to DataViz libraries and the details of this symptom are discussed as follows.
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Fig. 3. Taxonomy and distribution of bug symptoms in DataViz libraries.

Incorrect/Inaccurate Plot.  The actual graphic representation visually deviates from that specified
by users or library documentation. This issue accounts for 39.89% (225/564) of collected bugs as
shown in Figure 3. Our further analysis identifies eight common scenarios of this symptom:

(1) Missing Element (23.11% = 52/225): A graphic element, such as legend, label, or chart, is partially
or completely missing. Figure 4a shows an example of the missing legend for gray areas.

(2) Misplaced Element (21.78% = 49/225): The position, depth, or rotation angle of a graphic element
does not conform to graphic specifications or falls short of user expectations (e.g., overlapping).
Figure 4c shows an example that the title is misplaced and overlaps with the numeric text.

(3) Incorrect Shape (13.78% = 31/225): Shapes of graphic elements, such as length, width, style, and
geometric form, are incorrect. For example, rectangular colorbars are plotted as triangles [12].

(4) Incorrect Color (12.44% = 28/225): The coloration of a graphic element does not adhere to the
graphic specifications, fails to meet user expectations, or misrepresents the visualized data. For
example, red lines may be incorrectly visualized as gray lines [19].

(5) Unintended Element (8.44% = 19/225): Elements intended to remain hidden or not explicitly
requested by the user appear in the plot. Figure 4e shows an example that the axis tick of 24.16
is unintended as it is outside of the specified max limit.

(6) Improper Scaling (8.00% = 18/225): The coordinate scaling or visual element proportions are
incorrect or deviate from user expectations. Figure 4g shows an example that the size of
geometric points cannot be scaled up by specifying the size parameter. Figure 4i shows an
example that the incorrect scaling of y coordinates causes a missing peak of the graph.

(7) Inaccurate Text (7.56% = 17/225): Poorly formatted or incorrect textual content is displayed in
the plot. For example, the number +1.1e5 is incorrectly displayed as +1.1000000000e5 [13].

(8) Incorrect Curve Path (4.89% = 11/225): The geometric trajectory of a curve does not faithfully
represent the underlying data or align with the specified axis scale. Figure 4k shows an example
that the curve path at the end of the graph is incorrect.

Crash. The DataViz program exhibits unexpected termination. From Figure 3, crashes account for

35.28% (199/564) of collected bugs, making it the second most prevalent issue in DataViz libraries.

In 93.97% (187/199) of crashes, programs terminate with error messages during code execution.

The remaining 12 occur only after user interactions (e.g., hovering, zooming). The small number of

latter cases may be attributed to the fact that triggering these crashes is more challenging, as they

are specifically tied to sequences of user interactions with the GUI elements.

Incorrect Textual Output. It includes inappropriate warnings, confusing error messages, etc.

GUI Misbehavior. The GUI window displays incorrect information or provides unexpected re-

sponses to user interactions. For example, matplotlib issue #24089 [67] reported that when using

WebAgg backend to plot in Safari, dragging the corner to resize the figure does not work. Figure 3

shows that GUI misbehavior constitutes around 4.26% (24/564) of all collected bugs, most of which

come from matplotlib and Chart.js that support interactive backends.
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(b) Expected Result (c) Misplaced Element (d) Expected Result

(e) Unintended Element  (f) Expected Result  (g) Improper Element Scaling (h) Expected Result

(i) Improper Coord. Scaling (j) Expected Result (k) Incorrect Curve Path  (I) Expected Result

Fig. 4. Examples of Incorrect/Inaccurate Plot. Each example shows a faulty (left) and the expected plot (right),
where the jorange box and purple’box highlight the faulty area and the expected result, respectively.

Other Categories. 32 (5.67%) bugs are related to failures of installation, build, and testing processes.
The remaining small proportion (5.50% = 31/564) of bugs fall into various categories. 3.01% (17/564)
of the bugs are related to hangs, memory leaks, or performance issues, where code execution
stalls, memory is not properly released, or performance is limited. 1.95% (11/564) are warnings
from incorrect or deprecated API usage within the library’s source code. Less than 1% of bugs are
miscellaneous issues, such as no plot being displayed or misbehavior of utility functions.
Finding 1: Incorrect/Inaccurate Plot (39.89%) and Crash (35.28%) are two primary symptoms of
DataViz libraries. Incorrect/Inaccurate Plot manifests in two distinct forms: (1) element-related
issues, which involve missing, mispositioned, or redundant elements, and (2) property-related
anomalies, which pertain to distortions in shape, color, and scaling.

4.2 Root Causes of Bugs in DataViz Libraries

This section presents the major root causes of DataViz library bugs and discusses the findings.
Incorrect Graphic Computation (25.71% = 145/564).  This refers to the incorrect computation of
attributes, intermediate variables, or high-level features (e.g., layout) related to the visual properties
of graphic elements. It is the major root cause of bugs in DataViz libraries, accounting for 25.71%
(145/564) of all issues. The primary subcategories are outlined below, accounting for the majority of
cases, with the remaining 3.45% distributed across additional minor subcategories not listed here.
(1) Unhandled Data Boundary (34.48% = 50/145): Special variable values are not properly handled.
For example, Figure 6a shows division by zero when this._pointLabels.length==0. The
patch replaces the length with 1 if it is @, preventing angleMultiplier from being infinite.
(2) Unhandling of Supported Graphic Specification (31.72% = 46/145): Special cases of the supported
graphic specifications are not properly handled. In Figure 6b, 1im specifies the range, i.e.,
minimum and maximum values of the polar coordinate axis, but the buggy line overlooks the
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Fig. 5. Taxonomy and distribution of root causes of bugs in DataViz libraries.

minimum value when determining the axis ticks of the full circle. The overlook of the axis
range specification causes the incorrect plot when the minimum value is non-zero.

(3) Incorrect Mathematical Expression (23.45% = 34/145): The mathematical expression for an at-
tribute is incorrect due to rounding error, incorrect usage of math operator, wrong indexing,
or variable misuse. As shown in Figure 6¢, the computation of cursor.y does not include the
variable padding, causing the GUI misbehavior when hovering on the legend.

(4) Incorrect Control Flow (6.90% = 10/145): The graphic computation is incorrect due to the wrong
control flow, which is often caused by incorrect conditional expressions.

1 @ee -371,8 +371,9 @@ export default class 1 @@ -298,7 +298,7 @@ def set_axis(self, axis):
RadiallLinearScale extends LinearScaleBase 2 if _is_full_circle_deg(lim[@], lim[1]):
{ 3 --- return np.arange(8) * 2 *x np.pi / 8

2 --- const angleMultiplier = TAU / this. 4 +++ return np.deg2rad(min(lim)) + np.arange(8) *
_pointLabels.length; 2 * np.pi / 8

3 +++ const angleMultiplier = TAU / (this.
_pointLabels.length || 1);

(b) Unhandling of Supported Graphic Specification (mat-

(a) Unhandled Data Boundary (Chart.js Issue plotlib Issue #25568 [32]). The specified limit of the polar
#10019 [21]). Division by zero occurs when length coordinate axis is not considered when determining the

of point labels is zero. axis ticks of the full circle.

1 @@ -428,7 +428,7 @@ export class Legend extends Element {

2 --- cursor.y += calculatelLegendItemHeight(legendItem, fontLineHeight);

3 +++ cursor.y += calculatelLegendItemHeight(legendItem, fontLineHeight) + padding;

(c) Incorrect Mathematical Expression (Chart.js Issue #11272 [33]). The expression of y position of the cursor
does not include the variable padding.

Fig. 6. Examples of subcategories of Incorrect Graphic Computation with patches.

Incorrect Update of Visual Properties. ~ The code that involves updating attributes or properties of
visual elements or systems is incorrect due to wrong assignment, false conditional check, or others.
14.01% (79/564) of collected bugs are caused by this root cause. The reason for such prevalence is
that property updates are common in the construction, combination, and modification process of
graphic elements. We further categorize the fine-grained root causes as follows.
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(1) Missing Update of Object Attributes/Properties (34.18% = 27/79): The update of attributes of a
visual element is missing or called at the wrong stage. As shown in Figure 7a, creating colorbar
axes will automatically create an auxiliary grid that is intended to be hidden from users, but
the buggy code does not update the visible of grid to be False.

(2) Unhandling of Supported Graphic Specification in Updating (25.32% = 20/79): The special cases
of the graphic specification are overlooked, where the update of visual properties should be
handled separately. In Figure 7b, the parameter tight can be both True and False, but the
buggy code only handles the specification of setting tight layout while overlooks disabling it.

(3) Incorrect Value used in Updating (22.78% = 18/79): The value used to update the object attribute is
wrong or the update should not happen. In Figure 7c, the solid facecolor from the parent figure
is also applied to the subfigures, resulting in obscuring the suptitle text. Therefore, facecolor
of subfigures should be instead updated to "none", i.e., transparent.

(4) Other Flawed Update Logic (17.72% = 14/79): Miscellaneous issues that cause the update to be
unsuccessful, wrong, or repetitive, such as incorrect update orders.

1 @@ -1143,6 +1143,7 @@ def colorbar( 1 @@ -2760,9 +2760,9 @@ def set_tight_layout(self, tight):
cax, kwargs = cbar.make_axes( 2 +++ _tight = 'tight' if bool(tight) else 'none’
ax, *xkwargs) 3 _tight_parameters = tight if isinstance(tight, dict) else {}
3 44+ cax.grid(visible=False, which 4 --- if bool(tight):
='both', axis='both') 5 --- self.set_layout_engine(TightLayoutEngine (*x_tight_parameters
)
6 +++ self.set_layout_engine(_tight, *x_tight_parameters)

(a) Missing Update of Object At-
tributes/Properties (matplotlib Issue (b) Unhandling of Supported Graphic Specification in Updating (mat-

#21723 [16]). Visibility O.f grid should  potlib Issue #22847 [23]). The buggy code only handles the specifica-
be False after colorbar is created. tion of setting tight layout while overlooks disabling it.

1 @@ -2176,7 +2176,7 @@ def __init__(self, parent, subplotspec, x*,
2 if facecolor is None:

3 --- facecolor mpl.rcParams[ ' figure.facecolor']

4 +++ facecolor "none"

(c) Incorrect Value used in Updating (matplotlib Issue #24910 [31]). The facecolor should be updated to
transparent ("none") to avoid obscuring other elements.

Fig. 7. Examples of subcategories of Incorrect Update of Visusal Properties with patches.

Incorrect Handling of Parameters.  This refers to the root causes related to input parameter handling,
including incorrect default values, wrong parameter validation, and incorrect passing of parameters
to the next function. 14.01% (79/564) of the bugs fall into this category.

(1) Incorrect Parameter Validation (62.03% = 49/79): The parameters from user input or function call
are incorrectly checked for validity, which may lead to unexpected behavior in the subsequent
execution of code. In Figure 8a, elements in array stroke_size may be missing or NULL, and
they should be validated and replaced with zero values.

(2) Incorrect Parameter Passing (32.91% = 26/79): The parameters of a function are not correctly
passed to the next function. In Figure 8b, the number format this.options. ticks.format is
not passed to the function formatNumber (), resulting in incorrect number formatting.

(3) Incorrect Default Parameters (5.06% = 4/79): The default parameters of a function are incorrect.
Figure 8c shows a bug that the parameters pad and sep of Of fsetBox are incorrectly initialized
as the default value None, which is not a valid value for subsequent use of pad and sep.

API Misuse. The usage of internal APIs of DataViz libraries or external APIs from third party

libraries are incorrect. As depicted in Figure 5, API misuse accounts for 12.23% (69/564) of total

bugs, and matplotlib is more severely impacted by this root cause compared with other libraries.
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1 @ -122,6 +122,8 @@ GeomPoint <- 1 ee -312,6 +312,6 @@ export default 1 @@ -369,15 +369,15 @@ def draw(
ggproto("GeomPoint", Geom, class LinearScaleBase self, renderer):

2 coords <- coord$transform( extends Scale { 2 class PackerBase(0ffsetBox):
data, 2 getLabelForValue(value) { 3 --- def __init__(self, pad=None

3 panel_params) 3 --- return formatNumber (value, , sep=None, width=None,

4 +++ stroke_size <- coords$ this.chart.options.locale); height=None,
stroke 4 +++ return formatNumber (value, 4 +++ def __init__(self, pad=0.,

5 +++ stroke_size[is.na(stroke_ this.chart.options.locale, sep=0., width=None, height=
size)] <- 0@ this.options.ticks. format); None ,

(a) Incorrect Parameter Validation (b) Incorrect Parameter Passing (c) Incorrect Default Values of
(ggplot2 Issue #4624 [20]). Miss- (Chart.js Issue #9830 [22]). The num- Parameters (matplotlib  Issue
ing values in stroke_size are not ber format of ticks is not passed to #24623 [26]). The pad and sep are
properly checked and replaced. formatNumber (). incorrectly initialized.

Fig. 8. Examples of subcategories of Incorrect Handling of Parameters with patches.

The remaining root causes, each contributing less than 5% of the total collected bugs, form a
long-tail distribution. Their definitions are introduced as follows, excluding self-explanatory causes.
(1) Missing Declaration: The declaration of an attribute, method, or property is absent or misplaced.
(2) Incorrect Typing: The variable type, class, or function header is not properly declared or defined.
(3) Third Party Incompatibility: Conflicts between the DataViz library and a third-party component.
(4) Incorrect String Formatting: The construction of strings involving variables is incorrect.

(5) Incorrect Data Type/Shape: It involves incorrect or lack of type conversion or data reshaping.
(6) Incorrect Initialization/Update of GUI Configuration: The initialization or update of various

aspects of the graphical user interface (GUI) configuration is done incorrectly.

(7) Incorrect Event Handling: The action event signaled by users is not properly handled.

(8) Incorrect Exception Handling: The program fails to raise or handle exceptions properly.

(9) Non-Scalable Algorithm: An algorithm poorly suited for handling large or growing input sizes.

(10) Incorrect Lifecycle Management: Variables or memory resources are not properly managed

throughout their lifecycle, leading to issues such as memory leaks or incorrect behavior.

Finding 2: DataViz library bugs are primarily manifested by four root causes: Incorrect Graphic
Computation (25.71%), Incorrect Update of Visual Properties (14.01%), Incorrect Handling of Parame-
ters (14.01%), and API Misuse (12.23%), together accounting for 65.96% of all bugs. Notably, the
top three categories share a common underlying issue, i.e., insufficient consideration of different
combinations of graphic specifications imposed by parameter settings. Moreover, value-related
issues, including unhandling of data boundary, incorrect update values, and incorrect default
parameters, are frequently observed within these categories.

Correlations between Symptoms and Root Causes. We utilize parallel sets [39] to illustrate
the correlations between symptoms and root causes, as in Figure 9. Each bug is represented by a
(symptom, root cause) pair. We measure the occurrences of each pair and exclude those with fewer
than five occurrences for clear presentation. We notice that Incorrect/Inaccurate Plot is typically
caused by errors in graphic computation or updating of visual properties, and thus validating the
correctness of these computation and updating steps is critical to the reliability of DataViz libraries.
Meanwhile, Crash can result from ten different root causes, with the most common being Incorrect
Handling of Parameters, Incorrect Graphic Computation, and API Misuse. Therefore, detecting
crash bugs in DataViz libraries can be effective in revealing bugs of different root causes.

4.3 Key Steps to Trigger Bugs in DataViz Libraries

This research question aims to understand how bugs in DataViz libraries are triggered by users.
Through the investigation of common patterns of plot examples in the official documentation [2, 3, 5,
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Fig. 9. The correlations between symptoms and root causes of bugs in DataViz libraries. The numbers in the
parentheses are the counts of bugs in the corresponding categories.

8, 11] and frequent keywords observed in the bug reports with bug-reproducing tests, we notice that
a complete procedure used by users to visualize data can be decomposed into eight steps and each
step of them may trigger bugs. These steps include library and module import, backend selection,
plot configuration, data preparation, text annotation, visual property specification, graphic update,
and user interaction. Although their order varies depending on the API design of the specific
libraries, the general pattern of these steps is similar across different DataViz libraries. Code
Example 1 shows examples of each step using matplotlib, except user interaction realized by
interacting with the GUI window such as zooming in and out.

We conduct a manual analysis to understand which step of the eight steps triggers bugs. Such
understanding is important as it can facilitate the design of test input in automated testing. For
example, if a specific step is likely to trigger a bug, automated testing techniques can focus on such
a step in test generation. We first collect all bug-triggering procedures from GitHub Issues. Under
the observation that Incorrect/Inaccurate Plot and Crash are the two most common symptoms, this
research question only focuses on the 424 bugs under these two symptoms. Then we manually
analyze their bug-triggering procedures (including programs) from GitHub Issues, to identify which
step of them triggers bugs. We exclude those bugs without bug-triggering procedures. In total, 407
bugs are studied. Figure 10 shows their distribution over eight steps.

import matplotlib.pyplot as plt;import numpy as np # 1. Library and Module Import
plt.switch_backend('TkAgg') # 2. Backend Selection: use an interactive backend

fig, ax = plt.subplots(figsize=(8, 6)) # 3. Plot Configuration: create a figure and axes with specific size
X = np.linspace(@, 10, 100); y = np.sin(x) # 4. Data Preparation: generate some data for visualization
ax.set_title('Interactive Sine Wave Example') # 5. Text Annotation: add title

ax.plot(x, y, color='blue', linestyle='-') # 6. Visual Property Specification: draw blue solid lines
ax.set_x1lim(@, 5) # 7. Graphic Update: change the x limits from [0,10] to [0,5]

plt.show() # Display the plot

[ R R S

Code Example 1. Examples of seven steps of data visualization. This matplotlib example plots a sine wave.

(1) Visual Property Specification (36.36% = 148/407). Function arguments specifying visual proper-
ties with specific numerical, categorical, or other forms of values cause the bug to manifest.
This step is particularly error-prone as 44% (65/148) of bugs are reproduced by specifying a
certain categorical attribute, while 30% (44/148) are triggered by a certain numerical value.

(2) Data Preparation (17.94% = 73/407). Data with particular characteristics, such as a specific
value, type, size, range, and pattern, may trigger bugs. Value (29% = 21/73), type (26% = 19/73),
size (15% = 11/73), and range (11% = 8/73) are the four most common characteristics of data to
trigger bugs.

(3) Graphic Update (16.22% = 66/407). Updating certain graphic properties or elements with APIs
triggers the bug. Such updates involve complex computations of elements and updates of their
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Fig. 10. The distribution of key steps for triggering bugs in DataViz libraries

properties (e.g., positions and sizes). If these computations and updates do not account for
existing elements in the plot and how the graphic update integrates with them, bugs are likely
to be induced.

(4) Backend Selection (8.85% = 36/407). Different backends have diverse implementation. The
choice of backends may trigger bugs, affecting how the plot is displayed or rendered.

(5) Plot Configuration (4.91% = 20/407). Global configurations like layout settings trigger bugs.

(6) Text Annotation (4.67% = 19/407). Annotation, such as labels, titles, and axis ticks, when
specified with a certain length, format, content, or other patterns of texts, can trigger the bug.

(7) User Interaction (4.18% = 17/407). GUI actions like zooming, hovering, and clicking, trigger
bugs.

(8) Library and Module Import (3.44% = 14/407). Bugs are triggered when using specific modules
within the library or when integrating with external libraries.

(9) Others (3.44% = 14/407). Miscellaneous categories not explicitly covered above. For example,
users manually customize graphic elements without the aid of dedicated APIs, resulting in
bugs. These include cases where developers manually customize the behavior of graphical
elements without the aid of dedicated APIs, as well as instances where infrequently used plotting
functions are invoked.

We further examine how these key bug-triggering steps are connected to root causes using
parallel sets in Figure 11. We notice that (1) Visual property specification triggers the greatest
number and variety of bugs. Meanwhile, this step and data preparation are most likely to trigger
bugs of the major root cause Incorrect Graphic Computation. Mutating specifications and data can
be an effective way to detect DataViz library bugs, especially those related to Incorrect Graphic
Computation. (2) Graphic updates can reveal bugs related to Incorrect Updates of Visual Properties
and Incorrect Graphic Computation, as such updates usually invokes re-computing graphic elements.

Root Cause Key Bug-Triggering Step
Incorrect Handling of Parameters(38) [_]

Visual Property Specification(142)

Incorrect Update of Visual Properties(60) %
Third Party Incompatibility(7) = ‘\\ -
“===F= Backend Sclection(25)

Incorrect Graphic Computation(129) DN Aﬂ Data Preparation(59)

Text
e = 12)

Incorrect Typing(7) == —
= J
API Misuse(52) D ~—— E Graphic Update(54)

= — Plot Configuration(5)
Missing Declaration(9) == e User Interaction(5)

Fig. 11. The correlations between root causes and key steps to trigger bugs in DataViz libraries. The numbers
in the parentheses are the counts of bugs in the corresponding categories.
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Finding 3: Visual Property Specification is the most frequent trigger of bugs in DataViz libraries,
with specifying certain categorical or numerical attribute values being the most common practice.
Additionally, input data with specific characteristics and graphic updates are also frequent triggers.

4.4 Test Oracles

In this section, we examine the test oracles used in DataViz libraries. As discussed in §2, one key
distinction of DataViz libraries is that their outputs are visual representations of data, unlike other
software without graphical output, such as compilers [83, 84]. Among software with graphical
output, oracles of DataViz libraries differ from others (see discussion at the end of this RQ). Validating
the correctness of DataViz libraries requires test oracles capable of handling visual outputs and
verifying DataViz-specific properties, which differs from oracles used in other types of software.

Assert Property With Expected Value 12 17 118(32.87%)
Assert No Crash 23 1] 98(27.30%)
Compare With External Images 12 65(18.11%) Library
Assert Functionality With Expectation 9 6 63(17.55%) == "‘H‘P'f’l“b Chartjs plotters
Compare Two Figures 15(4.18%) Plots 1 ggplot2
20 40 60 80 100 120 140 160
Number of Bugs

Fig. 12. The distribution of test oracles used in DataViz libraries

We manually investigate all 564 collected bugs and identify 359 fixing commits that involve
test case modifications. We then analyze the test oracles of these test cases and categorize them
into five groups, as shown in Figure 12. Assert Property With Expected Value (32.87%=118/359) is
the most common oracle. This oracle asserts the value of a certain graphic property to verify the
correctness of DataViz libraries. Assert No Crash (27.30%=98/359) is the second most common one,
which ensures test programs run without errors or crashes. Assert Functionality With Expectation
(17.55%=63/359) checks if a specific functionality aligns with the anticipated behavior. For example,
function np.testing.assert_allclose in Figure 13a ensures that the positions of ax remain
unchanged after removing the colorbar, as “removing colorbar” should not affect the axes location.

In addition to the aforementioned oracles, which explicitly verify the correctness of graphic
properties/functionalities and ensure the absence of crashes, we identify two additional oracles
that implicitly assess the correctness of properties/functionalities through image comparison.

1 def test_remove_from_figure_cl() 1 @image_comparison([' 1 @check_figures_equal (extensions=("
2 colorbar_keeping_xlabe png',))
3 pre_position = ax. png'], style='mpl

2 def test_no_subslice_with_transform

get_position() 2 def test_keeping_xlabel(): (fig_ref, fig_test):

4 cb = fig.colorbar(sc) 3 arr = np.arange(25).reshape 3 ax = fig_ref.add_subplot ()

5 cb.remove () (5, 5)) 4 X = np.arange (2000)

6 fig.draw_without_rendering() 4 fig, ax = plt.subplots() 5 ax.plot(x + 2000, x)

7 post_position = ax. 5 im = ax.imshow(arr) 6 ax2 = fig_test.add_subplot()
get_position() 6 cbar = plt.colorbar(im) 7 t = mtransforms.Affine2D ().

8 np.testing.assert_allclose( 7 cbar.ax.set_xlabel('Visible translate (2000.0, 0.0)
pre_position.get_points(), Xlabel') 8 ax2.plot(x, x, transform=t+ax.
post_position.get_points()) 8 cbar.set_label ('YLabel") transData)

(a) Assert Functionality With (b) Compare With External Im- (c) Compare Two Figures (matplotlib
Expectation (matplotlib Issue ages(matplotlib Issue #23398 [27]) Issue #21008 [17]) using decorator
#20978 [15]) using @image_comparison. @check_figures_equal.

Fig. 13. Examples of Test Oracle Types
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Compare With External Images (18.11% = 65/359).  This oracle verifies the correctness of DataViz
libraries by pixel-wise comparison of generated images with the reference images of which correct-
ness has been validated by developers. The reference images are usually generated by the fixed
version of the DataViz library and saved in code repositories, along with test cases. This method
is also known as visual regression/snapshot testing [46]. Figure 13b shows an example where the
behavior is verified by comparing the generated image with an external reference image.
Compare Two Figures (4.18% = 15/359).  This oracle verifies if two figures generated under
different conditions are the same, which follows the concept of metamorphic testing [81]. Figure 13¢
shows a test case using this oracle. This example ensures that two generated figures are identical
under equivalent transformations, thereby verifying the expected behavior in a specific scenario.
Unlike Compare With External Images, where reference images are pre-generated by DataViz
libraries before test execution, Compare Two Figures generates them dynamically during test
execution. Therefore, this oracle only guarantees that two figures are identical, but the correctness
of the reference images is not verified by developers. It is possible that both images are incorrect.

Through our analysis, we noticed the following difference between oracles used in DataViz
libraries and other graphical software. The oracles in DataViz libraries primarily focus on the
accurate transformation from data into visual encodings, such as position, size, color, and shape.
One unique visual oracle revealed in our findings is comparing two figures under equivalent
transformations, such as altering the data or changing the position of elements. In contrast, oracles
in rendering engines focus on image quality (e.g., sharpness, color accuracy, and fidelity), visual
consistency across different devices and screen sizes, and properties like animation smoothness and
frame rates during rendering [42, 66]. Oracles in VR/AR software focus on the interaction between
users/environment and interface, application responsiveness, object movement, and so on [77].
Finding 4: In addition to explicit assertions regarding property values and implicit checkers for
crashes, DataViz libraries leverage two image-based oracles Compare With External Images and
Compare Two Figures to implicitly verify the correctness of the visual properties.

4.5 Bug Detection by Vision Language Models

In this research question, we aim to investigate to what extent VLMs can help detect incorrect/i-
naccurate plots. Incorrect/inaccurate plots, the most prevalent symptom, intensify the difficulties
in automated testing DataViz libraries, since validating the correctness of plots requires com-
prehensive understanding of code intention, data characteristics, and visual representation. As
we mentioned in §4.4 , in practice, developers have to manually validate the plots in regression
testing [10], which is both time-consuming and prone to false positives if a new version introduces
changes unrelated to the buggy component. In contrast, other failures like crashes can be easily
observed. To our best knowledge, there is no automatic techniques specialized for visual bugs.
Recently, the advent of Vision Language Models (VLMs) offers a potential solution for automat-
ically detecting incorrect/inaccurate plots, since they can interpret and comprehend both code
snippets and visual representations through multimodal understanding. This unique capability
has demonstrated superior performance over conventional computer vision techniques in various
tasks [56, 78]. These advancements motivate an investigation into whether VLMs can be utilized
for automated validation of visual representation. Specifically, VLMs are multimodal large lan-
guage models that process visual and textual data by treating them as input tokens, enabling the
generation of coherent subsequent texts [90]. For example, GPT-4V [96] leverages this approach
to handle both modalities seamlessly. However, it is unclear to what extent VLMs can facilitate
detecting incorrect/inaccurate plots. To explore this, we design an experiment to assess VLMs’
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ability to identify incorrect/inaccurate plots using three types of prompts, all of which include the
image URL (omitted below) and can be easily integrated into automated testing pipelines.

IMAGE.  Only the generated plot is provided to investigate whether VLMs can detect incorrect/i-
naccurate plots. This prompt mimics a common use case where developers may leverage VLMs to
identify potential anomalies in plots, assuming VLMs possess basic DataViz knowledge.

Goal Description You are provided with a plot generated by the data visualization library [name]. The goal is to
determine whether the plot is inaccurate or incorrect based on common knowledge and visual cues, without having access
to the underlying code. Your task is to identify any anomaly or obvious bug in the plot using common sense and basic
understanding of data visualization principles.

ImaGE+TEST. By feeding both the generated plot and test programs into VLMs, this prompt is to
investigate if additional information from test programs facilitates the bug detection of VLMs.

Goal Description You are provided with a plot generated by the data visualization library [name], along with the code
used to create the plot. Your task is to determine whether the generated plot is inaccurate or incorrect according to the
specifications in the code. To determine the correctness: (1) Review the provided code to understand the expected features
and specifications of the plot. (2) Evaluate the generated plot to determine if it matches the expectations set by the code.
(3) Identify any anomaly or inconsistency in the plot that indicates potential bugs in the data visualization library.

Test Program [Test Program Code]

Important Notes (1) You CANNOT execute the given code to determine the expected plot. (2) Assume the given code is
|correct. Do not fix the code.

IMAGE+TEST+HINT.  In addition to the generated plot and test program, this prompt leverages a
hint, such as “Focus on the colorbar”, to guide VLMs to focus on certain problematic area of the
plot, e.g. colorbar. These hints, extracted from bug reports, assist VLMs in focusing on specific area,
rather than being misled by non-problematic ones. We acknowledge that these hints may not be
available before bugs are reported. However, this prompt help us to investigate whether VLMs can
realize the appearance of incorrectness plots when specific hints are given. If VLMs still cannot
detect incorrect plots given these hints, it suggests that their limitations are not solely due to the
complexity of visual figures, but may instead stem from intrinsic limitations in comprehension.

Goal Description + Test Program + Important Notes (Details are the same as IMAGE+TEST)
Hint Focus on the [Name of Problematic Visual Element].
Image Image+Test Image Image+Test
1
1 . 1
17 12
Image+Test+Hint Image+Test+Hint
(a) Any (b) Majority Voting

Fig. 14. Distribution of bugs detected by different strategies of VLM prompting. Any refers to bugs detected
in at least 1 out of 3 responses, and Majority Voting refers to bugs detected in at least 2 out of 3 responses.

We utilize GPT-4o0 [82], a widely used VLM, as the model under investigation. From a population
of 225 bugs exhibiting symptoms of incorrect or inaccurate plots, we randomly select 100 samples
for analysis. This sampling approach provides a 95% confidence level with a 7.4% margin of error.
These bugs are then tested using the above three prompts.

To reduce response variability in VLMs, each experiment is run three times. We apply Majority
Voting, considering GPT-40 successful if at least two responses identify the bug [50, 74, 86]. We
also report results under the Any criterion, where success requires only one correct response. As
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shown in Figure 14, GPT-40 detects 82 bugs under Any criterion and 68 under Majority Voting. For

brevity, we will focus on analyzing Majority Voting results, as Any criterion yields similar findings.

The prompt IMAGE detects 40 bugs, achieving a detection rate of 40%. We hypothesize that VLMs
leverage their basic knowledge of data visualization to recognize common visual anomalies, such as
missing labels and overlapping elements. However, this prompt struggles with issues that require
an understanding of graphic specifications, as it lacks access to the corresponding test code.

By incorporating the test program, IMAGE+TEST prompt identifies 13 additional bugs that are not
detected by IMAGE. These bugs often involve properties explicitly specified in the test code, such as
the coexistence of multiple plot types (e.g., histogram and curve) within the same axes. Surprisingly,
IMAGE+TEST fails to detect 24 bugs that are successfully identified by IMAGE. We conjecture this
is because IMAGE+TEST requires VLMs to both detect anomalies in plots and validate consistency
between code and plots. As a result, VLMs may lose their focuses in such complex tasks, resulting
in failure in bug detection. Overall, this prompt detects only 29 bugs (detection rate 29%).

IMAGE+TEST+HINT prompt detects 15 additional bugs that are missed by both ImMAGE and
IMAGE+TEST, leading to the highest detection rate of 57%. We hypothesize that directing VLMs’
attention to specific problematic visual elements simplifies the otherwise complex task of aligning
graphic specifications with the plot. Furthermore, this approach enables VLMs to validate both
explicitly specified properties and implicit visual constraints based on general domain knowledge,
thus recovering 15 bugs that IMAGE detects but IMAGE+TEST overlooks.

Despite the strengths of VLMs in detecting visualization bugs, they still exhibit notable limitations.
In our evaluation, the three prompting strategies collectively identify 68 unique bugs, yet 32 remain
undetected by any approach. We identify two major factors contributing to these failures.

(1) Failure in detecting subtle symptoms: VLMs struggle to detect visualization bugs manifesting
as small deviations in the positions, shapes, or colors of graphical elements, such as minor
misalignments of tick labels [25], slight shifts in points [18], minus signs shown as dashes [14],
and missing coloring of the exponent label for red y-ticks [30].

(2) Failure in interpreting data trends from visual properties: VLMs struggle to accurately interpret
data trends encoded through visual properties, such as color distributions in heatmaps [28]
or patterns in line charts [24]. Detecting the anomalies in these issues requires understanding
trends from two perspectives: the underlying data itself as shown in text, and the visual trends
in the plot, both of which remain challenging for current VLMs.

These limitations highlight the need for further advancements in VLM capabilities, such as improved

multimodal reasoning and better understanding of data-related visual properties.

Finding 5: VLMs can detect 40% of bugs with the IMAGE prompt, leveraging their general

visualization knowledge. The IMAGE+TEST+HINT prompt further improves detection rate to 57%

by providing code context and directing attention to problematic elements. Surprisingly, the

IMAGE+TEST prompt achieves the lowest detection rate at 29%, possibly because the combined

presentation of image and code without explicit guidance increases the complexity of the task

and reduces the VLMs’ effectiveness in identifying critical visual discrepancies.

5 Discussion
5.1 Implications

Finding 1 highlights the prevalence of Incorrect/Inaccurate Plots and Crashes in DataViz libraries,
emphasizing the need for addressing both during development and maintenance. Furthermore,
Finding 1 identifies both element-level and property-level aspects of these plot errors, offering
guidance for vision-based bug detection. A structured testing approach may first verify the presence
of essential elements (e.g., charts and annotations), and then assess their visual properties (e.g., shape,
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size, and color). Plot errors also vary in scope: issues like missing elements or color/shape anomalies
affect only the buggy element itself, while mispositioning, redundancy, or scaling errors can disrupt
surrounding elements. This suggests that inter-element relationships should be carefully considered
during validation. Leveraging VLMs with spatial reasoning capabilities could be a promising
approach to enhance automated detection and analysis of these errors.

Finding 2 identifies the three most prevalent root causes of DataViz library bugs: Incorrect Graphic
Computation, Incorrect Update of Visual Properties, and Incorrect Handling of Parameters. From
their subcategories, it can be observed that these root causes are partially linked to the handling of
graphic specifications and parameter/variable values. This implies that during parameter validation,
graphic computations, and property updates, developers should systematically consider the corner
cases of graphic specifications, such as special layouts, non-linear transformations, and customized
visual properties. Additionally, they should carefully evaluate the feasibility and validity of special
or boundary values, such as the existence of zero value of the visual property length in Figure 6a
and the choice of the transparent color represented as "none" in Figure 7c. We observe that such
issues often involve conditional statements; therefore, leveraging pattern-based bug detection tools
like SonarQube [41] and ESLint [4] may facilitate the automation of identifying and validating
conditional logic related to numerical variables or categorical variables specifying visual properties.

Finding 3 and the analysis result in Figure 11 show that visual property specifications play a
major role for the bugs arising from incorrect graphic computation. This suggests that an effective
method for detecting such bugs is to mutate visual properties by altering the values of parameters
used in plot APIs. We have tried a few domain-specific mutators in our prototype and successfully
detected two confirmed previously-unknown matplotlib bugs [35, 36]. However, a key challenge in
automating this approach is maintaining the validity of the program after mutation, ensuring that it
executes without crashing and produces meaningful plots. Specifically, test programs must follow
the specifications and constraints of parameters, including values and types. Such specification may
be partially achieved through program analysis techniques [71]. For example, automatic extraction
and parsing of documentation [93] may help extract such information and thus facilitate valid test
case generations. Some constraints of parameters implicitly encoded in codebases, however, may
require a deeper understanding of functionality and interdependencies among functions. This may be
addressed by future research via crafting rules manually [95], or using Large Language Models to
generate appropriate parameter relationships [97].

Finding 4 highlights the prevalence of test oracles that assert specific graphic property values
and check for crashes, similar to other software. Interestingly, image-based test oracles are also
used, including comparing with external images and comparing two figures. These correspond to
snapshot testing and metamorphic testing. Snapshot testing, commonly used in graphics-related
libraries, involves saving the generated figure from a fixed version as the expected image to ensure
future updates do not introduce errors. Metamorphic testing, on the other hand, verifies complex
functionalities by checking the equivalence of two figures generated by different but semantically
equivalent code snippets. DataViz libraries currently rely heavily on snapshot testing to ensure
plot correctness, which requires manual validation of reference images. Metamorphic relations,
such as position addition and coordinate transformations in Figure 13c, remain underexplored
and offer a promising direction for automated testing. Future work could identify equivalent
relations in data transformation and visual property mutation to enhance test automation. This
direction is motivated by the strong correlation in Figure 11, between the predominant root cause,
Incorrect Graphic Computation, and two key triggering factors: Visual Property Specification
and Data Preparation. Another promising direction, supported by Figure 10, is to compare plot
equivalence across different backends and libraries. To our knowledge, no such study exists, likely due
to variations in implementation across backends. This challenge might be addressed by leveraging
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the data visualization understanding of VLMs in §4.5, to validate semantic equivalence over visual
representations. Further, it might be worth to exploring whether property mutations lead to
consistent changes in different backends/libraries; otherwise, it may imply a bug on one of them.
Finding 5 highlights the potential of VLMs for semantic understanding of data visualization
and bug detection in DataViz libraries. As shown in §4.5, VLMs can detect 40% of visual bugs
without code context, indicating their inherent knowledge of data visualization principles and best
practices. Developers may leverage VLMs to process image-only input for automatically detecting
common anomalies, such as missing labels and overlapping elements, without relying on explicit
programmatic guidance. The significant performance drop of the IMAGE+TEST prompt compared to
the IMAGE and IMAGE+TEST+HINT prompts underscores the necessity of guiding attention when
addressing code-related bugs, ensuring that VLMs focus on specific problematic elements rather than
indiscriminately processing the entire context. Our experiments demonstrate that providing direct
hints based on problematic graphic elements yields the highest detection rate of 57%. However, in
practical scenarios where true buggy elements are unknown, a systematic hinting strategy is essential
for effectively locating the buggy area. This can be achieved by progressively refining the analysis
from high-level structural elements to fine-grained visual properties following prevalent visual bug
characteristics discussed in Finding 1. Another potential approach, inspired by Finding 3, leverages
the observation that Visual Property Specification is the most frequent trigger of DataViz library bugs.
Following the metamorphic testing concept in Compare Two Figures from §4.4, rather than verifying
equivalence under equivalent transformations, VLMs can be utilized to detect discrepancies under
property mutations. This approach inherently directs attention to the most error-prone areas, i.e.,
those associated with the mutated properties, thereby enhancing the precision of bug detection.

5.2 Threats to Validity

The first threat involves the subjective nature of manual labeling, as it relies on individual interpre-
tations of code intention. To mitigate this, we defined a taxonomy through careful investigation and
collaborative discussion for each research question. To minimize misclassification, two researchers
independently classified all collected bugs. Discrepancies were resolved through discussion to reach
a consensus. The second threat is the generalizability of our findings. To address this, we studied 564
bugs from five libraries across different programming languages and application scenarios. These
libraries were developed by communities following various design philosophies. Analyzing these
varied libraries helps us identify common patterns across DataViz libraries. Although our study
does not cover domain-specific libraries, we noticed that many of them are built on the libraries
selected in this study. For example, seaborn is built on matplotlib for statistical analysis; hGraph
is based on D3.js for health data visualization. We believe that our findings are still applicable to
them, and we leave future study to investigate these domain-specific ones.

6 Related Work

This section introduces two lines of research that are related to this study.

Data Visualization. ~ Some studies have highlighted issues related to improper use of visualization
tools, leading to data misrepresentation. Barcellos et al. [38] proposed a heuristic measurement
of the quality of data visualization from the reader’s perspectives of accessibility, conciseness,
readability, and completeness of the visual properties and graphic elements used in the visualization.
Szafir [85] conducted a comprehensive study from the user’s perspective of common practices in
data visualization that may cause misleading representation or ineffective presentation, such as axes
beginning with non-zero, excessive use of colors, and unnecessary use of 3D graphics. Efforts have
been made to establish best practices for creating effective visualizations. Midway [69] suggested
ten principles for effective data visualization, among which using effective geometric objects,
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representing information with proper color schemes, and including details of uncertainty are most
emphasized. The development of visualization tools has been guided by the need to minimize
syntactic errors and improve the expressive flexibility of graphic specifications. Wilkinson [91]
proposed a layered framework named “The Grammar of Graphics”, which decomposes graphic
specifications of non-interactive data visualization into seven independently-customizable layers,
including data, aesthetics, scale, geometric objects, statistics, facets, and coordinate system. This
design has been adopted by some DataViz libraries, such as ggplot2 [87] and Vega-Lite [79].
Besides the improvement of non-interactive design, Satyanarayanet al. [80] introduced a declarative
interaction design for interactive data visualization by modeling the interactive inputs as data
streams instead of GUI events to improve the expressivity via interactions. In contrast to these
studies focusing on best practices and user perspectives in data visualization, our work examines
data misrepresentation and other bugs that arise from incorrect implementation within DataViz
libraries themselves, offering a unique perspective on the internal sources of visualization errors.
Bug Characterization Studies. ~Bug characterization in software libraries has been extensively
studied in various domains, such as deep learning (DL) libraries, GUI applications, and blockchain
systems. Humbatova et al. [57] proposed a taxonomy of bugs in DL systems that use the most
popular DL frameworks based on the manual labeling of collected artifacts from GitHub issues
and Stack Overflow posts. Shen et al. [83] conducted an empirical study on the bugs in the DL
compilers by identifying the categorization of root causes, symptoms, and error-prone stages in
the DL compiler design. Liu et al. [65] presented their empirical study of Android bugs that cause
performance issues from the perspectives of symptom, user experience, manifestation, maintenance,
and root cause. Xiong et al. [94] conducted a comprehensive study of functional bugs in Android
apps on their root causes, Ul-related symptoms, test oracles, and success rate of detection by existing
testing techniques. Wan et al. [89] performed a comprehensive study of bugs in blockchain systems
and Dong et al. [48] studied bugs in Bash, respectively. Different from them, our work performs
the first comprehensive study on DataViz libraries with an emphasis on the transformation process
from data to graphic representations.

7 Conclusion

This paper presents an empirical analysis of 564 bugs from five widely used DataViz libraries such
as matplotlib and ggplot2. We investigated the characteristics of bugs from the perspectives of
symptoms, root causes, key bug-triggering steps, and oracles. The results show that incorrect/inac-
curate plots are pervasive in DataViz libraries and they are majorly induced by incorrect graphic
computations. Moreover, VLMs may be used in automated testing DataViz libraries with proper
prompts. These findings benefit future studies to enhance the reliability of DataViz libraries.

8 Data Availability
The data of this study is publicly available at [37].
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