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Abstract

Misleading visualizations are a potent driver of
misinformation on social media and the web.
By violating chart design principles, they dis-
tort data and lead readers to draw inaccurate
conclusions. Prior work has shown that both
humans and multimodal large language mod-
els (MLLMs) are frequently deceived by such
visualizations. Automatically detecting mis-
leading visualizations and identifying the spe-
cific design rules they violate could help protect
readers and reduce the spread of misinforma-
tion. However, the training and evaluation of
Al models has been limited by the absence of
large, diverse, and openly available datasets. In
this work, we introduce Misviz, a benchmark of
2,604 real-world visualizations annotated with
12 types of misleaders. To support model train-
ing, we also create Misviz-synth, a synthetic
dataset of 57,665 visualizations generated us-
ing Matplotlib and based on real-world data ta-
bles. We perform a comprehensive evaluation
on both datasets using state-of-the-art MLLMs,
rule-based systems, and image-axis classifiers.
Our results reveal that the task remains highly
challenging. We release Misviz, Misviz-synth,
and the accompanying code.!

1 Introduction

Misleading visualizations are charts that distort
the underlying data, typically by violating design
principles, leading readers to draw inaccurate con-
clusions (Tufte and Graves-Morris, 1983; Pandey
et al., 2015; Lauer and O’Brien, 2020; McNutt
et al., 2020; Lo et al., 2022; Lisnic et al., 2023;
Lan and Liu, 2025). While many arise from unin-
tentional design errors, misleading visualizations
are also deliberately crafted by malicious actors to
spread disinformation and manipulate public un-
derstanding, especially during crises such as the
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COVID-19 pandemic, where misleading charts cir-
culated widely on social media (Correll and Heer,
2017; Lisnic et al., 2023; Tartaglione and de Wit,
2025). Prior work has shown that both humans
(Pandey et al., 2014, 2015; O’Brien and Lauer,
2018; Yang et al., 2021; Ge et al., 2023; Rho et al.,
2023) and MLLMs (Bendeck and Stasko, 2025;
Chen et al., 2025; Pandey and Ottley, 2025; Tonglet
et al., 2025) are easily deceived by such visualiza-
tions in question-answering tasks.

The deceptive features in these charts, or mis-
leaders (Lisnic et al., 2023), often reside in subtle
details easily missed by readers, such as axis tick in-
tervals. Furthermore, misleaders are highly diverse:
the latest taxonomies identify over 70 distinct types
spanning a wide range of chart types, including bar
charts, pie charts, and choropleth maps (Lo et al.,
2022; Lan and Liu, 2025). In some cases, multiple
misleaders affect the same visualization (Lo et al.,
2022). Figure 1 shows 12 real-world examples of
misleading visualizations.

Automatically classifying whether a visualiza-
tion is misleading and identifying which mislead-
ers affect it, if any, can enable timely warnings to
chart designers and readers and help prevent the
spread of misinformation. This task is framed as
a multi-label classification problem. While early
work relied on rule-based systems called linters
(Hopkins et al., 2020; Fan et al., 2022), recent stud-
ies have explored the use of MLLMs (Lo and Qu,
2025; Alexander et al., 2024). However, these ap-
proaches were evaluated on distinct datasets, which
are either small or closed-access, limiting compa-
rability and hindering progress.

In this work, we introduce Misviz, a large, di-
verse, and open benchmark comprising 2,604 real-
world visualizations spanning 12 types of mislead-
ers. It reflects scenarios in which detection mod-
els could flag visualizations published on the web.
In Misviz, 70% of the visualizations contain up
to three misleaders, while the remaining 30% are
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Figure 1: Examples of the 12 types of misleaders included in Misviz. Appendix A explains how these visualizations

misrepresent their underlying data table.

non-misleading. To support model training, we
also release Misviz-synth, a synthetic dataset gen-
erated with Matplotlib (Hunter, 2007) using real-
world data tables. Misviz-synth reflects scenarios
in which detection models assist chart designers in
identifying misleaders unintentionally introduced
into their charts. The dataset includes not only the
visualizations but also their underlying data tables,
Python code snippets, and axis metadata, enabling
the training of chart de-rendering models.

We conduct extensive experiments with three
approaches: (a) state-of-the-art MLLMs, (b) a new
rule-based linter that inspects axis metadata for
design rule violations, and (c) new classifiers that
take the visualization alone or in combination with
the axis metadata as input. For (b) and (c), we
fine-tune DePlot (Liu et al., 2023) to extract axis
metadata as an intermediate step. Our experiments
address the following research questions (RQs).
RQ1: Which type of model performs best on real-
world or synthetic instances? RQ2: Can detection

models trained on synthetic instances generalize
to real-world cases? RQ3: Can axis extraction
models trained on synthetic instances generalize to
real-world cases?

Our results show that MLLMs perform best on
real-world visualizations, while linters and image-
axis classifiers outperform them on synthetic ones,
benefiting from the availability of training data for
both axis extraction and misleader detection. While
the fine-tuned DePlot can extract axes from Misviz-
synth, it does not generalize well to Misviz, reduc-
ing the performance of the linter and classifier.

In summary, our contributions are as follows: (1)
We introduce Misviz and Misviz-synth, the first
large-scale open datasets for misleading visualiza-
tion detection. (2) We propose a new linter and
a new classification method that combines image
and extracted axis metadata as input. (3) We con-
duct a comprehensive evaluation and error analysis,
highlighting the strengths and weaknesses of each
method and identifying directions for future work.
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2 Related work

The first attempts to detect misleading visualiza-
tions relied on rule-based systems called linters
(McNutt and Kindlmann, 2018; Hopkins et al.,
2020; Chen et al., 2022). These linters assume
the availability of the underlying data table or the
chart code, which restricts their applicability to
real-world scenarios. Fan et al. (2022) and Biselli
et al. (2025) overcome these limitations by extract-
ing tables using OCR tools from real-world visu-
alizations before applying rule checks. However,
the accuracy of these real-world linters depends
heavily on the quality of the intermediate OCR
step, which can vary widely (Biselli et al., 2025).
Real-world linters have previously been evaluated
in small-scale user studies with human-in-the-loop
correction of OCR errors.

Others have explored the potential of MLLMs
for the task. Lo and Qu (2025) evaluated four
MLLMs with different prompts on a dataset of
150 real-world visualizations, sourced from the
corpus of Lo et al. (2022) for misleading cases.
They found that detection accuracy decreased as
more misleader types were included in the prompt.
Alexander et al. (2024) focused on GPT-4 (Ope-
nAl, 2023), using visualizations from the social
media platform X (Lisnic et al., 2023). However,
access to this dataset requires a paid API, and re-
producibility is further hindered by the platform’s
frequent removal of posts. In a parallel work, Das
and Mueller (2026) proposed a prompt with which
SOTA MLLMs achieve high accuracy on a subset
of the corpus of Lo et al. (2022).

Recently, Maciborski et al. (2025) fine-tuned a
convolutional neural network for the task, achiev-
ing high accuracy on synthetic instances.

Table 1 compares prior datasets with Misviz and
Misviz-synth. Misviz is over fifteen times larger
than the dataset of Lo and Qu (2025). Unlike
Alexander et al. (2024), it does not rely on paid
APIs for data collection and ensures long-term ac-
cess to all instances by archiving them on the Way-
back Machine.? Misviz-synth is two to seven times
larger than other synthetic datasets, and includes
several more misleaders and chart types (Arif et al.,
2024; Maciborski et al., 2025). In contrast to other
synthetic datasets, Misviz-synth provides the un-
derlying table, code, and axis metadata. The latter
is necessary to fine-tune DePlot for axis extraction
and answer our research questions.

Zweb.archive.org

3 Misviz
3.1 Selected misleaders

Misviz covers 12 types of misleaders, selected from
the 74 categories defined in the taxonomy of Lo
et al. (2022), based on four key criteria. First, we
excluded misleaders that are rarely observed in
real-world scenarios. To determine this, we used
misleader frequency statistics from the corpus of
Lo et al. (2022) and discarded all categories with
fewer than 15 instances. Second, we removed rea-
soning misleaders, i.e., misleaders that do not di-
rectly break chart design rules and are deceiving
only in the context of a specific claim (Lisnic et al.,
2023). Third, we remove misleaders which confuse
rather than deceive. As noted by Lo et al. (2022),
the taxonomy includes both misleaders that distort
the underlying data, the focus of this work, and
others that may hinder readability or clarity with-
out altering the interpretation of the data, such as
missing titles or overplotting. Fourth, we excluded
misleaders that require specific domain knowledge
to be identified. For example, using red to represent
Democrats and blue to represent Republicans in a
chart violates color conventions, but detecting this
misleader requires familiarity with U.S. politics.
Such misleaders require domain expertise that is
beyond the reach of crowdworkers.

We define each selected misleader briefly below
(Loetal., 2022; Ge et al., 2023; Lan and Liu, 2025).
They cover together 62.3% of all instances from
the real-world corpus of Lo et al. (2022). Each of
them is represented with an example in Figure 1
and in Appendix A.

Misrepresentation: the value labels displayed
do not match the sizes of their visual encodings;
e.g., bars may be drawn disproportionately to their
corresponding numerical values.

3D: the visualization includes 3D effects, distort-
ing the size of visual encodings.

Truncated axis: an axis does not start from zero,
thus exaggerating differences between values.

Inappropriate use of pie chart: a pie chart does
not display data in a part-to-whole relationship.

Inconsistent binning size: a variable, such as
years or ages, is grouped in unevenly sized bins.

Discretized continuous variable: a continuous
variable is cut into discrete categories, thus exag-
gerating the difference between boundary cases.

Inconsistent tick intervals: the ticks in one axis
are evenly spaced, but their values are not, e.g., the
tick values sequence is 10, 20, 40, 45.
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Dataset

Instances Misleader types Chart types % non-misleading Open access Real-world Multi-label ~ Axes, table, code

MISCHA-QA (Arif et al., 2024) 8,201 4 3 49 4 X X X
DCDM (Maciborski et al., 2025) 24,480 5 3 51 4 X X X
Alexander et al. (2024) - design misleaders 1,460 7 >5 50 X v X X
Lo and Qu (2025) 150 21 >5 16 v 4 X X
Misvisfix (Das and Mueller, 2026) 450 74 >5 20 v v v X
Misviz-synth (ours) 57,665 12 5 39 v X X v
Misviz (ours) 2,604 12 >5 31 v v 4 X

Table 1: Existing datasets for misleading visualization detection.

Dual axis: there are two independent and paral-
lel numerical axes with different scales.

Inappropriate use of line chart: a line chart is
used in unusual ways, e.g., with categorical data.

Inappropriate item order: the tick labels of
an axis are sorted in an unconventional way, e.g.,
dates are not shown chronologically.

Inverted axis: an axis is displayed in a direction
opposite to conventions.

Inappropriate axis range: the axis range is
either too broad or too narrow, minimizing or exag-
gerating the real trend.

3.2 Data collection

‘We obtain visualizations from three sources.

(a) We collect instances from the corpus of Lo
et al. (2022) that contain at least one of the 12
selected misleaders. We apply perceptual hashing
to remove duplicates. We then manually discard
instances with low resolution, those that display
the name of the misleader, or those that show both
a misleading chart and a corrected version side by
side. Appendix B shows removed examples.

(b) We use the misleading visualizations from
the website WTF Visualizations,? previously an-
notated by Lan and Liu (2025) for taxonomy con-
struction. We align their misleader categories with
those of Lo et al. (2022), as explained in Appendix
C, retain only those matching one of our 12 target
misleaders, and remove duplicates.

(c) We access a large collection of un-
labeled visualizations from r/dataisugly and
r/dataisbeautiful.* The former is an online commu-
nity focused on sharing misleading visualizations,
while the latter features high-quality examples and
serves as our source of non-misleading instances.
We begin by removing duplicates, then hire annota-
tors to assign labels, as explained in Section 3.3.

3viz.wtf

*kaggle.com/datasets/bcruise/reddit-data-is-beautiful-
and-ugly

3.3 Data labeling

We split the labeling of visualizations from
r/dataisugly and r/dataisbeautiful into three anno-
tation tasks. For each task, we hired three crowd-
workers from Prolific and paid them £9 per hour.
To ensure sufficient familiarity with visualizations,
we required annotators to hold a PhD degree. Inter-
annotator agreement (IAA) was evaluated using
Fleiss’x (Fleiss, 1971) on an overlapping set of 30
instances across all crowdworkers. Appendix D
shows the annotation interface and instructions.

In the first task, crowdworkers assigned one or
more chart types to each visualization. Five cate-
gories were available: bar charts, line charts, maps,
scatterplots, and others. The “others” category in-
cludes less frequent chart types such as treemaps.
The crowdworkers achieved a high TAA (0.71).

In the second task, crowdworkers labeled visual-
izations from r/dataisugly with zero to three mis-
leaders. They received detailed guidelines with
definitions and examples for each misleader. Some
visualizations were assigned no label and removed
from the corpus, typically because they contained
a misleader outside of our selected set. A moder-
ate IAA of 0.53 is achieved. This is a reasonable
outcome, given the task’s complexity with 12 cate-
gories and multiple possible combinations.

In the final task, crowdworkers verified that vi-
sualizations from r/dataisbeautiful were not mis-
leading. Visualizations identified as containing one
or more misleaders were removed from the corpus.
The Fleiss’« was 0.78, reflecting high IAA.

3.4 Bounding box labeling

We recruited ten PhD students to annotate mislead-
ing visualizations using the VIA tool (Dutta et al.,
2016; Dutta and Zisserman, 2019). Annotators
drew bounding boxes around relevant misleader
features, e.g., the initial tick mark on a truncated
axis. Three misleaders were excluded: misrepre-
sentation, 3D, and inappropriate use of pie chart,
because bounding boxes are not suitable for rep-
resenting them. Each student annotated up to 95
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instances. We calculated IAA on a shared subset
of 27 instances, three per misleader. Using an In-
tersection over Union (IoU) threshold of 0.4, the
annotators achieved an IAA of 0.81, indicating
strong agreement.

3.5 Data statistics

Misviz is divided into a few-shot development
set (5%), a validation set for hyperparameter and
prompt tuning (15%), and a held-out test set (80%).
78% of the visualizations contain one of the three
main chart types: bar chart, line chart, or pie chart.
While 94% of the visualizations contain a single
chart type, 5 and 1% contain two or three different
chart types, respectively. The split is stratified to en-
sure a balanced distribution of misleaders and chart
types. Among the misleading visualizations, 85,
14, and 1% contain one, two, or three misleaders,
respectively. The most frequent misleader is mis-
representation, present in 32% of the visualizations.
This aligns with prior findings (Lo et al., 2022; Lan
and Liu, 2025). The next most frequent categories
are 3D effects and truncated axes, appearing in
14 and 9% of the visualizations, respectively. All
other misleaders occur in 1 to 5% of the instances.
Appendix E provides detailed distributions of mis-
leaders and chart types.

Although we do not provide language distribu-
tions, it is worth noting that the visualizations span
many languages. The types of images also vary
significantly. While most are screenshots, some
are pictures of visualizations printed on paper or
displayed on screens. Appendix F provides cases
of non-English and non-screenshot visualizations.

We did not leverage the large unlabeled corpus
collected by Lo et al. (2022). However, this re-
source could be used in future work to scale the
dataset, as discussed in Appendix G.

4 Misviz-synth

4.1 Data collection

We collect real-world data tables from Our World
in Data, an open-access data platform that covers a
wide range of domains, including health, education,
and the economy.’

4.2 Synthetic visualizations generation

We design a two-step rule-based system to generate
synthetic visualizations, illustrated in Figure 2.

>ourworldindata.org

| - Determine Select column Determine [ | ==
— column types combinations chart types '
Our World
in Data E'__—:
Step 1: Data tables preparation
Generate
inverted axis

Generate axis
metadata

Raw real-world
data table

Prepared
data tables
L)

Generate
random
design

]
Ei | Determine
z ] misleaders

Prepared
data tables

Generate
inappropriate
item order

Step 2: Visualization generation

Figure 2: The two-step process to create the synthetic
visualizations of Misviz-synth based on real-world data.

In the first step, given a raw real-world data ta-
ble, we assign one or more types to each column.
There are 10 different column types, explained in
Appendix H. Based on these types, we select valid
column combinations that require at least one nu-
merical column and a natural key for each row.
This natural key can consist of one or more cat-
egorical or temporal columns. If the natural key
involves multiple columns, we fix all but one to
a constant value. For instance, if the numerical
column is Win ratio and the natural key includes
Football club and Year, we set Year to 2021 to
compare the win ratios of football clubs for that
year. Chart titles are automatically generated us-
ing templates based on the selected columns. We
then determine which chart types, among bar, line,
and pie charts, are suitable for the data. For exam-
ple, line charts are only compatible with temporal
data, not categorical data. Each valid configuration
produces a “prepared” data table.

In the second step, we generate visualizations
using hand-crafted plotting functions for each chart
type—misleader pair. For each prepared data table,
we identify the misleaders applicable given the col-
umn types and selected chart types. One or more
misleading visualizations are generated, each with
exactly one misleader from the applicable set. Ad-
ditionally, non-misleading visualizations are gener-
ated for a random subset of the prepared tables.

For bar, line, and scatter plots, we automatically
extract axis metadata. Since pie charts and maps
lack axes, they do not have axis metadata. Axis
metadata is stored as a table with four columns. (1)
Seq indicates the sequential order of the tick marks
along an axis. Horizontal axes are read from left to
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right, while vertical axes are read from bottom to
top. (2) Axis indicates the name of the axis, e.g., X,
y1, or y2, in case of dual axis. (3) Label is the tick
label. (4) Relative position is a normalized float
indicating the tick mark’s position, with spacing
expressed relative to the distance between the first
two tick marks. Examples of axis metadata are
provided in Appendix L.

To increase visual diversity, we apply random
variations in font size, background color, and axis-
label positions. The complete list of variations is
given in Appendix J.

Each instance is saved along with its title, data
table, Matplotlib code, and axis metadata.

4.3 Data statistics

Misviz-synth contains 57,665 visualizations, dis-
tributed into stratified train-large (80.1%), train-
small (9.6%), dev (3.1%), validation (3.2%), and
test sets (4.1%). Misviz-synth covers the five most
common chart types in Misviz: bar, line, and pie
charts; scatterplots; and maps. Unlike Misviz, each
visualization in Misviz-synth contains at most one
chart type and one misleader, making it slightly
less diverse than Misviz.

S Experiments

5.1 Baselines

We consider three categories of baseline models,
illustrated in Figure 3.

Zero-shot MLLMs We evaluate the zero-shot
capabilities on one run of the following commercial
and open-weight MLLMs: GPT-4.1 and GPT-03
(OpenAl, 2023), Gemini-2.5-Flash-Lite (Gemini-
Team, 2024), Qwen-2.5-VL in 7B, 32B, and 72B
variants (Qwen-Team, 2025), and InternVL3 in 8B,
38B, and 78B variants (Zhu et al., 2025). These
models were selected for their strong performance
on the ChartQA benchmark (Masry et al., 2022).
The prompt includes the task description and defi-
nitions of the misleaders. The prompt is provided
in Appendix K.

Rule-based linter We design a linter that detects
misleaders by applying rule-based checks to the
axis metadata of a visualization. Each misleader
corresponds to a specific rule. If a visualization
passes all checks, it is classified as having no mis-
leaders. We rely on axis metadata rather than the
underlying data table because it enables detection
of a broader range of misleaders: truncated axis,
inverted axis, dual axis, inconsistent tick intervals,

inconsistent binning size, and inappropriate item
order. Only the latter two misleaders could also
be detected from the data table alone. Detailed
descriptions of all rule checks are provided in Ap-
pendix L. Misleaders that require visual interpreta-
tion or contextual knowledge, such as misrepresen-
tation or inappropriate axis ranges, are not covered
by the linter. We evaluate its performance using
both ground truth and predicted axis metadata.

Image-axis classifiers We train two classifiers:
one that takes only the visualization image as in-
put, and another that combines the image with its
axis metadata. Visualizations are encoded using a
frozen image encoder, while axis metadata is em-
bedded using a frozen table encoder. We use the
image encoder of TinyChart, a specialized chart
understanding MLLM (Zhang et al., 2024), while
the table encoder is TaPas (Herzig et al., 2020).
For the second classifier, the resulting image em-
beddings are concatenated with the [CLS] token
from the axis metadata embeddings. The image
embedding or concatenated embeddings are passed
through a trained classification head. The classi-
fiers are trained on Misviz-synth to predict either
one misleader per visualization or none.

Axis extraction The linter and the second clas-
sifier require axis metadata as input. While ground
truth metadata is available for Misviz-synth, this
is not the case for Misviz or real-world scenar-
ios, where only the visualization image is accessi-
ble. To address this, we implement an intermediate
axis extraction step using DePlot (Liu et al., 2023).
Since DePlot was originally only trained for chart-
to-table extraction, we fine-tune it on (image, axis
metadata) pairs from Misviz-synth.

5.2 Evaluation metrics

We evaluate model performance using six metrics.
The first four assess the binary classification of vi-
sualizations as misleading or not: Accuracy (Acc),
Precision (Pre), and Recall (Rec) for the misleading
class, and macro-F1 score (F1). The remaining two
metrics are computed on the subset of visualiza-
tions that are misleading and evaluate the correct
identification of specific misleaders. Exact Match
(EM) assigns a score of 1 if the set of predicted mis-
leaders exactly matches the ground truth. Partial
Match (PM) assigns a score of 1 if the predicted
misleaders are a subset of the ground truth.
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Figure 3: The three types of baselines included in the
experiments. The linter and one classifier require axis
extraction as an intermediate step.

5.3 Implementation details

Open-weight models are accessed via Transformers
(Wolf et al., 2020), while commercial models are
accessed via their official APIs. For all MLLMEs,
we set the temperature to 0, except for GPT-03,
which uses the default value of 1. Results for the
image-axis classifiers are reported as averages over
three different seeds (123, 456, 789), with standard
deviations reported in Appendix M. Additional in-
formation and hyperparameter values are provided
in Appendix N.

5.4 Results

Table 2 compares the performance of all models on
the test sets of Misviz-synth and Misviz.

We organize our insights around the following
RQs. RQ1: Which type of model performs best on
real-world or synthetic instances? RQ2: Can detec-
tion models trained on synthetic instances general-
ize to real-world cases? RQ3: Can axis extraction
models trained on synthetic instances generalize to
real-world cases?

There are substantial performance differences
across MLLMs, with GPT models achieving the
best scores on both datasets, in particular for EM
and PM. We attribute this to their strong OCR
capabilities. For the Qwen2.5-VL family, perfor-
mance improves with model scale. In particular,
the largest version, 72B, is required to achieve EM
scores above 11%. For the InternVL3 family, the
best model size depends on the dataset: 38B for
Misviz, 78B for Misviz-synth.

MLLMs outperform linters and image-axis clas-
sifiers on the real-world visualizations of Misviz.

This trend does not hold for Misviz-synth, where
MLLMs are outperformed in both F1 and EM. We
attribute this to two main factors. First, Misviz-
synth instances often contain many axis ticks, mak-
ing extracted axis metadata a particularly informa-
tive feature for misleader detection. Second, the
axis extractor and image-axis classifiers directly
benefit from being trained on the Misviz-synth train
set, resulting in stronger in-domain performance.

Insight 1. MLLMs perform better on Mis-
viz, while the image-axis classifiers and lin-
ters are the best on Misviz-synth (RQ1).

The linter with ground-truth axis metadata
achieves high precision on Misviz-synth, demon-
strating the usefulness of axis metadata for mis-
leader detection and the precision guarantees of-
fered by a rule-based system. However, the linter
only covers six misleaders, negatively affecting re-
call and EM. Using predicted axis metadata rather
than ground truth metadata has only a small neg-
ative effect on all metrics for Misviz-synth, with
F1 and EM scores remaining above those of the
best MLLMs. This indicates that the fine-tuned De-
Plot model reliably extracts axis information from
Matplotlib-generated charts. However, on Misviz,
the EM and PM are very low, dropping by around
40 points compared to Misviz-synth. This shows
that DePlot fails to generalize to real-world visual-
izations because the diversity of axis designs in the
Misviz-synth training instances is lower.

Insight 2. The linter has high precision for
a subset of misleaders, but is very sensitive
to axis extraction errors (RQs 1 and 3).

Insight 3. The axis extractor fine-tuned on
synthetic visualizations has limited general-
izability to real-world ones (RQ 3).

On Misviz-synth, the image-axis classifiers
achieve higher EM and PM than all other base-
lines. The classifier with axis metadata is the
strongest, further highlighting the usefulness of
that input modality. Their scores for binary classifi-
cation on Misviz decrease only slightly compared
to Misviz-synth. As a result, the classifier with axis
metadata outperforms all open-weight MLLMs ex-
cept Qwen2.5-VL-72B. However, the EM and PM
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Misviz Misviz-synth
Acc Pre Rec F1 EM PM Acc Pre Rec F1 EM PM
Zero-shot MLLMs
Qwen2.5-VL-7B 419  66.1 335 418 5.2 9.0 545 687 529 528 10.8 10.8
Qwen2.5-VL-32B 7377 739 959 594 4.8 6.2 653 668 935 487 3.7 3.7
Qwen2.5-VL-72B 723 766 865 64.1 26.5 35.0 672 685 899 578 290 29.0
InternVL3-8B 63.1 68.5 86.8 45.1 223 289 63.1 654 8277 442 10.2 10.2
InternVL3-38B 59.2 765 594 568 285 373 583 73.0 576 57.1 279 279
InternVL3-78B 55.6  68.1 67.8 48.0 238 309 63.0 653 89.2 50.1 332 332
Gemini-2.5-Flash-Lite 540 633 684 447 297 394 646 654 943 487 220 220
GPT-4.1 841 845 943 796 53.6 64.0 67.1 727 774 634 4277 427
GPT-03 83.5 86.6 90.1 80.0 588 675 682 784 692 669 443 443
Rule-based linter
Linter w. axis (ground truth) - - - - - - 69.4 99.7 52.2 69.4 514 514
Linter w. axis (DePlot©) 36.5 63.1 204  36.1 6.6 7.8 679 987 503 679 476 476
Image-axis classifiers
Image 70.1 737 883 587 11.1 14.9 720 719 922 647 68.0 68.0
Image w. axis (DePlot©) 728 746 920 60.9 12.3 17.1 725 721 926 652 69.5 69.5

Table 2: Performance (%) on the test sets of Misviz and Misviz-synth. The best results, excluding the linter with

ground truth axis metadata, are marked in bold .

scores drop by more than 50 points from Misviz-
synth to Misviz. This implies that the classifiers
cannot generalize their ability to make fine-grained
predictions of misleader categories from synthetic
to real-world visualizations.

Insight 4. Classifiers trained on Misviz-
synth can generalize to Misviz for binary
classification (RQ 2).

The best EM scores remain low on both datasets,
underscoring the difficulty of identifying which
misleaders affect a visualization. For binary clas-
sification, most baselines tend to favor recall over
precision, with the notable exception of the lin-
ter. Future work could aim for a better balance to
improve overall F1 performance.

Based on these observations, rule-based linters
and image-axis classifiers are best suited for con-
trolled environments where table and axis metadata
are available. They can assist chart designers by
automatically detecting misleaders introduced un-
intentionally. In contrast, for flagging misleading
visualizations encountered online, where only the
image is available, MLLMs are the better option.

Appendix O reports the image-axis classifiers
and linter results on Misviz per number of chart
type and per number of misleader, providing deeper
insights into the generalization gap. Appendix P
provides a prompt sensitivity analysis using the
best open-weight models.

Misviz  Misviz-synth
Incorrect use of misleader definition 14 13
Incorrect measurement of object size 10 3
Incorrect extraction of axis metadata 2 14
Complex chart type 2 0
No detection of 3D effects 2 0

Table 3: Manual analysis of 30 prediction errors with
GPT-4.1 on Misviz and Misviz-synth test sets.

5.5 Manual error analysis

We manually analyze two random samples of 30
incorrect predictions by GPT-4.1. Errors are cate-
gorized into different types, as reported in Table 3,
with examples in Appendix Q.

Around half the errors in both datasets are due
to incorrect uses of misleader definitions. For in-
stance, several instances are incorrectly classified
as dual axis because they display multiple lines.
However, this misleader applies only when there
are two distinct vertical axes. On Misviz, several
instances are misclassified as inappropriate use of
pie chart because the values shown do not sum to
100. GPT-4.1 fails to see that the pie slice labels
are absolute values rather than percentages.

Many errors in Misviz are due to incorrect mea-
surement of the sizes of visual encodings, such as
pie slices and bar heights, which are critical for
detecting misrepresentation by comparing the mea-
sured sizes with the value labels.

In Misviz-synth, many errors arise from incom-
plete or incorrect parsing of axis metadata. For
example, GPT-4.1 frequently overlooks inconsis-
tent tick intervals on long temporal or numerical
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Figure 4: Examples of bounding box predictions for
two instances of Misviz. The ground truth boxes are
shown on the left, and the predictions on the right.

axes with numerous tick marks.

Two additional error categories are unique to
Misviz. Some real-world visualizations are com-
plex in their structure, sometimes containing more
than four charts, which overwhelms the model with
excessive visual information. In other cases, GPT-
4.1 fails to detect 3D effects, the only misleader that
does not require analyzing any displayed labels.

5.6 Bounding box generation

We conduct a small-scale experiment to assess the
ability of MLLMs to localize misleaders in visual-
izations using bounding boxes. Such localized pre-
dictions can serve as a complementary form of ex-
planation for end users, alongside the predicted mis-
leader labels. We evaluate Qwen2.5-VL-72B, the
strongest open-weight MLLM, on the Misviz val
set. The prompt is provided in Appendix K. We use
IoU as a metric, matching each predicted bound-
ing box to its nearest ground-truth. The MLLM
achieves an IoU of 13.1%, a low score indicating
that localization is challenging. Figure 4 shows two
examples. In the top example, the MLLM accu-
rately predicts a bounding box around the legend,
indicating the discretized scale. In the bottom ex-
ample, the MLLM fails to select the starting tick
on the horizontal axis, indicating truncation.

6 Conclusion

In this work, we introduce two datasets for mis-
leading visualization detection, covering 12 types
of misleaders. Misviz is a real-world benchmark.
Misviz-synth is a synthetic dataset generated from
real-world tables, suitable for both training and

evaluation. We propose a new linter and a trained
classifier that leverage the axis metadata extracted
from a visualization by a fine-tuned DePlot model.
We conduct a comprehensive evaluation with three
types of models: zero-shot MLLMs, linters, and
image-axis classifiers. Our results show that the
task poses several challenges. MLLMs perform
best on real-world visualizations, while image-axis
classifiers have an edge on synthetic ones.

Limitations

We identify three main limitations in this work.

First, Misviz-synth is less diverse than its real-
world counterpart, Misviz. It does not include vi-
sualizations with multiple charts or multiple mis-
leaders. Additionally, using the Matplotlib library
imposes constraints; for instance, it does not sup-
port 3D pie charts. Future work should explore
alternative plotting libraries to broaden coverage
across chart types and misleader categories, thereby
improving generalization to Misviz.

Second, the set of 12 misleader categories ad-
dressed in this work represents only a subset of
those found in practice. While our selection was
carefully made based on three criteria, future ef-
forts should expand the taxonomy to include more
misleaders. Notably, it would be valuable to incor-
porate misleaders that require domain knowledge
to detect, such as violating color conventions. Fur-
thermore, our selection focuses on design mislead-
ers. However, there are also reasoning misleaders
in which no design rules are broken. Instead, they
mislead through incomplete and dubious data (Lo
et al., 2022), or deceptive titles and annotations
(Lisnic et al., 2023; Alexander et al., 2024). Such
reasoning misleaders would require very different
detection approaches and deserve more focus in
future work.

Third, the boundaries between some misleader
categories are not always clear-cut. For instance,
inappropriate item order and inverted axis could
be considered equivalent when a temporal axis is
shown in reverse chronological order. Most cases
of inappropriate item order with maps are usually
also cases of discretized continuous variables, al-
though only the former appears as the dominant
misleader label in Misviz-synth. These label ambi-
guities are not captured by the current EM metric,
which may slightly underestimate models’ true per-
formance in detecting misleading visualizations.
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Ethics statement

Social impact Misleading visualizations are fre-
quently used by malicious actors to spread misin-
formation online, particularly on social media plat-
forms (Correll and Heer, 2017; Lisnic et al., 2023).
They may also result from unintentional design
choices by chart designers. This work contributes
both a dataset and new baselines to help mitigate
the negative impact of misleading visualizations
by enabling their automatic detection. The Mis-
viz and Misviz-synth datasets are intended solely
for academic research. As with other resources
developed for misinformation detection, there is
a potential risk of dual use, where malicious ac-
tors exploit detection models in adversarial settings
to craft misleading content that evades detection.
However, we believe that the potential benefits of
this research, such as assisting chart designers and
protecting readers, outweigh these risks.

Misinformation content Misviz includes real-
world disinformation examples. To preserve the
authenticity and diversity of misleading visualiza-
tions encountered in the wild, we did not filter or
censor such content.

Dataset access Our code and dataset annotations
are released under the Apache 2.0 and CC BY-SA
4.0 licenses, respectively. We do not hold the rights
to the visualization images in Misviz. Therefore,
we do not distribute them directly. Instead, we pro-
vide image URLs in the Misviz dataset file, along
with a script to download them. To ensure long-
term accessibility, we have verified that all images
are available on the WaybackMachine and included
the corresponding archive URLS in the dataset file.

Al assistants use Al assistants were used in this
work to assist with writing by correcting grammar
mistakes and typos.
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A Explanation of Misviz examples

Figure 5 shows the same misleading visualizations
as in Figure 1, now overlaid with visual explana-
tions highlighting the specific misleaders. We de-
scribe each case below:

(1) Misrepresentation In terms of percentages,
Bernie Sanders is closer to Joe Biden than to Eliza-
beth Warren. However, the fourth bar (Sanders) is
visually closer in height to the first (Warren) than
the second (Biden), exaggerating the gap between
Biden and Sanders.

(2) 3D The 3D effects make it difficult to com-
pare values across years visually. For instance, it’s
unclear which year had the highest number of sin-
gles sold between 1995 and 1997.

(3) Truncated axis The vertical axis begins at
36%, exaggerating the gap between pro- and anti-
Brexit responses.

(4) Inappropriate use of pie chart The pie chart
shows responses to three overlapping time cate-
gories: today, last year, and 1997. Because respon-
dents may fall into more than one category, the
percentages exceed 100%. The pie chart suggests
the categories are distinct.

(5) Inconsistent binning size The two bars com-
pare economic growth over different time spans.
The first covers a longer period than the second,
making the comparison misleading.

(6) Discretized continuous variable Germany
and Denmark have similar values, but are shown
in different colors. Meanwhile, Austria shares Ger-
many’s color despite being further apart in value.
The discrete color scale exaggerates differences
between countries.

(7) Inconsistent tick intervals The dates on the
horizontal axis are spaced unevenly. This distorts
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Figure 5: Examples of misleading visualizations from Figure 1, overlaid with visual explanations.

the slope of the trend line and gives a misleading
impression of the progression of average wedding
costs over time.

(8) Dual axis The scores for John and Adam are
plotted on separate vertical axes. While the visual

gap on test 3 looks small on the left axis, the actual
difference is 11%, not 1%.

(9) Inappropriate use of line chart A line chart
is used to connect values across a categorical vari-
able. The line implies a trend that does not exist.

(10) Inappropriate item order The dates are
out of chronological order, which can mislead to
thinking COVID-19 cases initially dropped and
then rose. In fact, the reverse is true.

(11) Inverted axis The vertical axis increases
from top to bottom. At first glance, it seems that
enrollment in the Affordable Care Act is falling
over time, while it is actually rising.

(12) Inappropriate axis range The vertical axis
is so broad that the trend in global average tempera-

ture appears nearly flat. A more appropriate narrow
axis range would reveal a clearer upward trend.

Same Data, Different Y-Axis

Interest Rotes Interes Rves

w00 20n 20 20 202 s 2009 0 20 w2

Educational example

War

LR

hammer @ 2160p (fps)

Too low resolution

Figure 6: Examples of visualizations discarded from
the corpus of Lo et al. (2022). Top: The misleading
visualization is shown alongside a corrected version.
Bottom: The visualization is too low-resolution.

B Example of discarded visualizations

Figure 6 provides two examples from the corpus of
Lo et al. (2022) that were not included in Misviz.
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Lan and Liu (2025)

Lo et al. (2022)

Data-visual disproportion

3D effect

Truncated axis

Misuse of part-to-whole relationship (pie chart)
Uneven axis interval

Dual axis

Uneven data grouping

Categorical encoding for continuous data
Continuous encoding for categorical data (line chart)
Inverted axis

Misrepresentation

3D

Truncated axis

Inappropriate use of pie chart
Inconsistent tick intervals

Dual axis

Inconsistent binning size
Discretized continuous variable
Inappropriate use of line chart
Inverted axis

Chart type  Misviz Misviz-synth
Bar 37.0 21.6

Line 20.0 335

Pie 23.4 3.6

Map 4.9 16.9

Scatter plot 4.3 24.4

Other 16.5 0.0

Table 4: Mapping of misleaders from the taxonomy of
Lan and Liu (2025) to the taxonomy of Lo et al. (2022).

Table 6: Percentage of instances per chart type.

Misleader category Misviz Misviz-synth Label Precision
Misrepresentation 32.6 5.5 No misleader 80
3D . 140 22 Misrepresentation 40
Truncated axis 8.7 0.8 3D 100
Inappropriate use of pie chart 6.2 1.2 .
Inconsistent tick intervals 5.1 15.8 Truncated axis 20
Dual axis 3.0 3.0 Inappropriate use of pie chart 60
Inconsistent binning size 2.8 2.1 Inconsistent binning size 40
Dlscretlzeq contmuou.s variable 1.9 4.0 Discretized continuous variable 70
Inappropriate use of line chart 1.8 2.2 . L.
Tnappropriate item order 15 8.4 Incon51s.tent tick intervals 90
Inverted axis 1.2 11.9 Dual axis 30
Inappropriate axis range 1.1 4.0 Inappropriate use of line chart 0
. ) Inappropriate item order 20
Table 5: Percentage of instances per misleader. .
Inverted axis 20
Inappropriate axis range 30

C Mapping of misleader categories
between taxonomies

Table 4 presents the manual mapping applied be-
tween the misleader categories from the taxonomy
of Lan and Liu (2025) to those of Lo et al. (2022).

D Annotation interface and instructions

Figure 7 shows the main interface used by Pro-
lific crowdworkers to label the visualizations from
r/dataisugly and r/dataisbeautiful.

Figures 8, 9, and 10 show the labeling instruc-
tions given to the crowdworkers.

E Detailed dataset statistics

Tables 5 and 6 report the distributions of misleader
categories and chart types in Misviz and Misviz-
synth. The percentages do not sum to 100% in
Misviz, because a visualization may contain more
than one misleader category or chart type.

Of the 1,791 misleading visualizations in Misviz,
353 originate from the corpus of Lo et al. (2022),
964 were collected from the WTF Visualizations
website (Lan and Liu, 2025), and the remaining
474 were sourced from r/dataisugly and annotated
by crowdworkers.

Table 7: Manual verification of the weakly labeled cor-
pus annotated with Qwen2.5VL-72B (%).

F Examples of language and image type
diversity in Misviz

Figure 11 shows four instances highlighting the
diversity of Misviz. The two visualizations at the
top have embedded text written in German and Es-
tonian. The bottom visualizations are photographs
of a visualization shown on a television screen and
on a printed document.

G Extending Misviz with weakly labeled
corpus

Lo et al. (2022) scraped a large collection of im-
ages to construct their taxonomy of visualization
misleaders. The images obtained via web searches
for keywords related to misleading visualizations.
Only a small subset of this collection was manually
annotated. In this section, we explore the poten-
tial of automatically scaling the dataset using this
unlabeled collection.

We use a three-step process to create a weakly
labeled corpus from the remaining unlabeled por-
tion of the collection. First, we filter unreadable
images with a heuristic: we extract texts from the
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Figure 7: Main interface used by Prolific crowdworkers to assign misleader labels to a visualization.

In this study, you will be asked to classify a
chart into the correct categories (pie chart,
line chart, bar chart, map, scatter plot, or
other). You are expected to spend, on
average, 10 to 15 seconds on each chart.

Select one or more types of charts that ap-
pear in the image. You should always select
at least one. You can choose multiple an-
swers if the image contains more than one

type.

Figure 8: Instructions for the first annotation task.

image using EasyOCR® and only keep images with
an average OCR confidence over all detected text
that is above 70. For the second and third steps, we
use Qwen2.5VL-72B, the best performing open-
weight model in terms of F1. In the second step,
we ask the MLLM to determine whether the image
depicts a visualization. The prompt is provided
in Figure 13. Afterwards, we remove all images
that do not depict a visualization. In the third step,
we use the standard task prompt to detect which
misleaders affect the visualization, if any, shown in
Appendix K. We only keep images for which zero

Sgithub.com/Jaided AI/EasyOCR

or one misleader is identified.

The resulting weakly labeled corpus contains
4,053 instances. We conducted manual verification
of 10 instances per label, for a total of 130. As
shown in Table 7, the results are uneven. For some
misleaders, such as 3D and Inconsistent tick inter-
vals, Qwen2.5VL-72B achieves high precision on
the manually verified sample, indicating that the
corresponding subset of the corpus could be used
to further train models to detect real-world cases
of those misleaders. However, for other mislead-
ers, such as inappropriate use of line chart, the
precision is so low that the weak labels should not
be considered reliable. Furthermore, we observed
that several unreadable images remained in the cor-
pus despite the OCR filtering step. In addition,
some images are educational examples that explic-
itly state they show a misleading visualization, as
explained in Appendix B. Removing these exam-
ples would require an additional step of human
verification. Overall, the weakly labeled corpus
cannot be considered a reliable dataset, except for
a few misleaders. Future research should further
explore how to scale the collection of real-world
misleading visualizations.

H Misviz-synth column types

Table 8 lists the 10 column types used in the first
step of the Misviz-synth synthetic visualization
generation process. Each column is assigned ex-
actly one primary type, which determines its core
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In this study, your task is to detect misleaders present in a chart. Misleaders are design flaws that
decrease the ability of readers to interpret charts correctly. You are expected to spend, on average,

30 seconds to 1 minute on each chart.

Misleaders are chart design elements that can lead readers to interpret a wrong message that does
not correspond to the underlying data. This study covers 12 types of misleaders. Each chart
contains one to three misleaders (one being the most frequent case). Your task is to select the
correct misleader(s) for each chart. We present the types of misleaders below.

Important remarks

- To perform this task, you need to pay attention to all aspects of the chart: axes and their labels,
titles, legends, and proportions. Misleaders often reside in small details.

-It is essential to select the correct misleader(s) that apply to the image

Most charts contain only one misleader. In some cases, there will be two or three.

Figure 9: Instructions for the second annotation task.

Column type Characteristic
Primary column types

Temporal Contains temporal values
Categorical Contains categorical values
Numerical Contains numerical values

Secondary column types
Datetime Datetime objects
Evenly spaced, unique temporal ~ Evenly spaced temporal values
Country Country names

Unique object
Is part of whole
Numerical percentage

Non-numerical values appear only once
Numerical values sum to 1 or 100
Explicit percentage values

(e.g., marked with %)

Potential percentage values

(e.g., value range is [0,1] or [0,100])

Potential percentage

Table 8: Primary and secondary column types used
during synthetic visualization generation

data role. Additionally, columns can be assigned
one or more secondary types, which describe ex-
tra attributes that help determine appropriate chart
types and potential misleaders.

I Examples of visualizations with axis
metadata

Figure 12 provides two examples of visualizations
from Misviz-synth with the corresponding axis
metadata. The latter is represented as a table and
stored as a JSON file with column names as keys.

J List of random design variations

All visualizations: color variation of the back-
ground, variations of the title template, variation of
font type and size, and variation of chart size.

Bar and line charts: addition of minor ticks in
addition to major ones, positioning of the vertical
axis (left or right), variation in tick shapes, adding
value labels on top of bars, variation of the tick
step size, addition of chart borders, and addition of
horizontal grid lines.

Bar charts only: sorting bars by values or by
category name, hiding the vertical axis, placing
labels on top of or within the bars, using horizontal
or vertical value labels, variation of bar colors.

Line charts only: filling area below the line
with a color, variation in line style and color, and
addition of horizontal or vertical grid lines.

Pie charts only: placing data label next to the
pie slices or placing them in a legend.

K Zero-shot prompts

Figure 14 shows the prompt to detect misleading
visualizations. Figure 15 shows the variant used
to generate bounding boxes, which is based on the
prompt from Chen et al. (2025).

L. Linter rules

We explain below the linter rules for detecting some
misleaders in Misviz and Misviz-synth. These rules
are implemented in Python and were designed on
the validation set of Misviz-synth to maximize pre-
cision over recall.

Truncated axis A visualization has a truncated
axis if one or more of its sorted vertical axes start
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Task 3: Non-misleading visualizations

In this study, your task is to verify that a chart is not misleading, i.e., it does not have significant
design flaws that decrease the ability of readers to interpret charts correctly. Your participation will
help us build Al systems capable of classifying charts as misleading or not. You are expected to
spend, on average, 30 seconds to 1 minute on each chart.

You will have to review charts that come from an online community. The majority of the charts are
expected to be of high quality. However, some of them might be misleading. Misleaders are chart
design elements that can lead readers to interpret a wrong message that does not correspond to the
underlying data. There are 12 types of misleaders to consider, and they are explained below. If the
chart is not misleading (i.e., in MOST CASES), you should leave the answer field blank. If the
chart is misleading, select the misleaders that apply (up to three misleaders).

Important remark

- To perform this task, you need to pay attention to all aspects of the chart: axes and their labels,
titles, legends, and proportions. Misleaders often reside in small details.

- You should not select a misleader for each chart! Most of them are not misleading. You should
only detect the few that are misleading!

Figure 10: Instructions for the third annotation task.

Misviz Misviz-synth
Acc Pre Rec Fl1 EM PM Acc Pre Rec Fl1 EM PM
Image 70.1+£09 73.7+05 883+18 587+10 I11.1+£0.7 149+038 7204+05 71.94+09 922413 647+15 680+12 680+12

Image w. axis (DePlot®) 728 12 746+06 920+14 609+14 123+05 17.140.5 725+£07 721£06 926+03 652+12 695+£09 695409

Table 9: Average performance with standard deviations (%) of the image-axis classifiers on the test sets of Misviz
and Misviz-synth for instances with bar, line, or pie charts.
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Figure 11: Four visualizations from Misviz. Top: the
embedded text is not written in English. Bottom: the
visualization is not a screenshot but a photograph taken
of an electronic device or printed material.

Figure 12: Two visualizations from Misviz-synth with
their corresponding axis metadata.

Dual axis A visualization has dual axes if it has

two vertical axes with different axis tick labels.

with a numerical value strictly higher than 0. Inappropriate item order A visualization has

Inverted axis A visualization has an inverted
axis if one or more of its sorted axes is the reverse
of the default axis order.

an inappropriate item order if it has a temporal axis
with dates shuffled in random order. This covers
only a specific case of inappropriate item order.
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You are an expert in data visualization anal-
ysis. Your task is to identify whether the
following image shows a data visualization
or not. Provide only the final answer (visu-
alization OR not a visualization), without
additional explanation.

Figure 13: Prompt used to detect whether an image
shows a visualization.

# Chart types Image Image w. axis (DePlot©) Linter
Fl PM Fl PM F1 PM
1 (1,956 instances) 58.2 15.2 60.7 17.4 353 79
2 (115 instances) 572 68 59.5 11.5 46.3 6.1
3 (6 instances) 715 0.0 389 0.0 33.0 0.0

Table 10: Performance of the image-axis classifiers and
the linter on Misviz test (%) as a function of the number
of chart types.

Inconsistent tick intervals A visualization has
inconsistent tick intervals if the distance between
the tick labels or relative positions on one or more
of its numerical or temporal axes is not constant.

Inconsistent binning size A visualization suf-
fers from inconsistent binning size if one axis
shows categorical bins of unequal size.

M Results with standard deviations of
image-axis classifiers

Table 9 reports the average results with standard
deviations of the image-axis classifiers on the sub-
set of Misviz with bar, pie, and line charts and on
Misviz-synth.

N Additional implementation details

Training sets We fine-tune DePlot on the Misviz-
synth train set. The train-small set is used to train
the classification head.

DePlot fine-tuning We fine-tune DePlot for axis
metadata extraction using two H110 GPUs. We re-

# Chart types Image Image w. axis (DePlot©) Linter
F1 PM Fl PM F1 PM
1 (1,228 instances) 46.9 13.1 479 14.5 168 7.7
2 (203 instances) 46.4 243 48.1 32.7 17.8 8.9
3 (10 instances) 649 46.7 825 30.0 16.7 10.0

Table 11: Performance of the image-axis classifiers and
the linter on Misviz test (%) as a function of the number
of misleader types.

tain the original DePlot architecture and loss func-
tion (Liu et al., 2023). The model is trained for 4
epochs using the Adam optimizer (Kingma and Ba,
2015), a learning rate of 5e-5, and a batch size of
4. To support memory-efficient training, we apply
LoRA (Hu et al., 2022) on the query and value pro-
jection layers. To enhance generalization, we apply
data augmentation through random rotations and
perspective transformations.

Image-axis classifiers The classification head is
trained for up to 300 epochs with early stopping.
We use a batch size of 256, a learning rate of Se-
5, and the Adam optimizer. To account for label
imbalance, we apply a weighted loss based on the
frequency of each misleader. The classification
head has one hidden layer with 1.024 units. During
training, we keep track of the best model weights.
The best weights are updated at each epoch if the F1
score increases on the validation sets of both Misviz
and Misviz-synth. While the classifier is not trained
on Misviz, using the Misviz validation set ensures
we do not overfit to the type of visualizations shown
in Misviz-synth.

O Detailed Misviz results

Tables 10 and 11 report the performance of the
image-axis classifiers and the linter on the Mis-
viz test set as a function of the number of chart
types and misleader types present in the visualiza-
tion, respectively. These results provide further
insights into the generalization gap between the
Misviz-synth training data and the real-world vi-
sualizations of Misviz. Visualizations containing
multiple chart types are substantially more chal-
lenging. This is expected, as multiple chart types
increase visual complexity and introduce interac-
tions that are not represented in Misviz-synth. In
contrast to chart types, increasing the number of
misleaders improves performance for both classi-
fiers and for the linter. Visualizations with more
misleaders increase the likelihood that at least one
misleader is detected.

Table 12 reports the performance of MLLMs
across three subsets of the Misviz test set, corre-
sponding to its three sources of misleading visual-
izations. Performance varies significantly across
subsets, but no single source is consistently easier
or harder. This highlights the complementary value
of each data source to the overall Misviz bench-
mark. Interestingly, the subset with the lowest EM
is often consistent within the same model family,
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You are an expert in data visualization analysis. Your task is to identify misleaders present in the
given visualization.

Please carefully examine the visualization and detect its misleaders. Provide all relevant misleaders,
up to three, as a comma separated list. In most cases only one misleader is relevant. If you detect
none of the above types of misleaders in the visualization, respond with “no misleader”.

The available misleaders to select are, by alphabetical order:

- discretized continuous variable: a map displays a continuous variable transformed into a cate-
gorical variable by cutting it into discrete categories, thus exaggerating the difference between
boundary cases.

- dual axis: there are two independent y-axis, one on the left and one on the right, with different

scales.

- inappropriate axis range: the axis range is too broad or too narrow.
- inappropriate item order: instances of a variable along an axis are in an unconventional, non-linear

or non-chronological order.

- inappropriate use of line chart: a line chart is used in inappropriate or unconventional ways, e.g.,
using a line chart with categorical variables, or encoding the time dimension on the y-axis.
- inappropriate use of pie chart: a pie chart does not display data in a part-to-whole relationship,

e.g., its shares do not sum to 100%.

- inconsistent binning size: a variable, such as years or ages, is grouped in unevenly sized bins.
- inconsistent tick intervals: the ticks values in one axis are evenly spaced but their values are not,

e.g., the tick value sequence is 10, 20, 40, 45.

- inverted axis: an axis is displayed in a direction opposite to conventions, e.g., the y-axis displays
values increasing from top to bottom or the x-axis displays values increasing from right to left.

- misrepresentation: the value labels displayed do not match the size of their visual encodings, e.g.,
bars may be drawn disproportionate to the corresponding numerical value.

- truncated axis: an axis does not start from zero, resulting in a visual exaggeration of changes in
the dependent variable with respect to the independent variable.

- 3d: the visualization includes three-dimensional effects.

Provide only the final answer, without additional explanation.

Figure 14: Task prompt for misleader detection with zero-shot MLLMs.

suggesting shared weaknesses in handling visual-
izations from the same data source.

P Prompt sensitivity analysis

We analyze the sensitivity of the two best-
performing open-weight MLLMs to different in-
put prompts. We consider three prompts: (1) the
prompt only includes the name of the 12 misleader
categories, (2) the prompt includes the definitions,
(3) the default prompt, which includes the defini-
tions and, in some cases, an example. The results
for the Misviz val set, shown in Table 13, indicate
a high level of sensitivity for EM and a moder-

ate level for F1. The best prompt depends on the
MLLM. Interestingly, InternVL3-38B achieves the
highest EM when only the misleader names are
provided, without any additional context.

Q Error examples

Figures 16 and 17 show examples of errors made
by GPT-4.1 on the test sets of Misviz and Misviz-
synth, respectively. One example is shown for each
error category. Each example shows GPT-4.1’s
prediction in blue, the correct answer in green, and
the error category in gray.
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You are given a chart (dimensions: {img_dim[0]} x {img_dim[1]}) with potential misleading
regions:

Please analyze the image to detect misleaders and define bounding box coordinates for any
misleading regions.

** Let’s think it step by step! **

Here is the list of potential misleaders and their corresponding misleading regions:

- discretized continuous variable: a map displays a continuous variable is transformed into a
categorical variable by cutting it into discrete categories, thus exaggerating the difference between
boundary cases. The misleading region is the legend of the map.

- dual axis: there are two independent y-axis, one on the left and one on the right, with different
scales. The misleading regions are the two vertical axes.

- inappropriate axis range: the axis range is too broad or too narrow. The misleading region is the
vertical axis.

- inappropriate item order: instances of a variable along an axis are in an unconventional, non-linear
or non-chronological order. The misleading region is (parts of) an axis.

- inappropriate use of line chart: a line chart is used in inappropriate or unconventional ways, e.g.,
using a line chart with categorical variables, or encoding the time dimension on the y-axis. The
misleading region is one of the axis.

- inappropriate use of pie chart: a pie chart does not display data in a part-to-whole relationship,
e.g., its shares do not sum to 100%. The misleading region is the labels on the pie slices.

- inconsistent binning size: a variable, such as years or ages, is grouped in unevenly sized bins. The
misleading region is one of the axis or the legend for a map.

- inconsistent tick intervals: the tick values in one axis are not evenly spaced, e.g., the tick value
sequence is 10, 20, 40, 45. The misleading region is (parts of) one of the axis.

- inverted axis: an axis is displayed in a direction opposite to conventions, e.g., the y-axis displays
values increasing from top to bottom or the x-axis displays values increasing from right to left.
The misleading region is one of the axis.

- misrepresentation: the value labels displayed do not match the size of their visual encodings, e.g.,
bars may be drawn disproportionate to the corresponding numerical value. The misleading region
involves at least two objects (bar, pie slice) for which the size difference is not proportional to the
value label difference.

- truncated axis: an axis does not start from zero, resulting in a visual exaggeration of changes in
the dependent variable with respect to the independent variable. The misleading region is the
starting tick of the axis. - 3d: the visualization includes three-dimensional effects. The misleading
region is the 3D area of the chart.

Then output a JSON file containing coordinates for the potential misleaders and explanations.
*#% Instructions:

- ** Please analyze the image (dimensions: {img_dim[0]} x {img_dim[1]}) to detect any mislead-
ing regions.**

- **Provide the misleading region coordinates with the name of the corresponding misleader**

- Your response format must strictly follow the example JSON format:

““[ "coordinates": [[100, 200], [150, 200],[100, 300], [150, 300]],"misleader": "Truncated axis",
"coordinates": [[250, 300], [300, 300],[250, 350], [300, 350]], "misleader": "Misrepresentation"]

1313

Figure 15: Task prompt variant for bounding box prediction.
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Corpus by WTF Visualization

Lo et al. (2022) (Lan and Liu, 2025) r/dataisugly

Rec EM PM Rec EM PM Rec EM PM
Qwen2.5-VL-7B 47.1 7.6 17.9 247 2.7 34 31.8 7.2 7.2
Qwen2.5-VL-32B 96.0 9.2 12.6 96.9 (2.5 3.3 935 27 2.7
Qwen2.5-VL-72B 937 315 555 82.8 1204 215 83.2 325 325
InternVL3-8B 926 181 372 82.6 220 227 87.0 29.8 298
InternVL3-38B 71.8 237 492 539 346 355 51.7 (219 219
InternVL3-78B 80.7 254 46.0 622 237 243 59.6 [21.6 21.6
Gemini-2.5-Flash-Lite 86.8 33.1 60.8 52.8 [28.0 284 74.0 28.0 29.7
GPT-4.1 96.2 43.5 73.1 942 58.8 60.2 914 579 579
GPT-03 93.1 (504 752 88.9 632 642 88.0 62.7 627

Table 12: Zero-shot MLLMs performance (%) on the test set of Misviz, separated by the data source of the
misleading visualizations. The data source with the lowest EM for each MLLM is marked in beld .
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Figure 1: Two in three Millennials expect to leave by 2020
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Figure 16: Error examples on the test set of Misviz. The predictions made by GPT-4.1 are shown in blue, while the
ground truth is shown in green.
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Incomes Across The Distribution Database, Gini (2016) (Results For Year 2008)
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Agricultural Total Factor Productivity (Usda) (Results For Entity Australia)
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Nbe Sunday Night Football Results (2006 - Present): Comparison Of Wins By Conference (For Division South)
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Figure 17: Error examples on the test set of Misviz-synth. The predictions made by GPT-4.1 are shown in blue,
while the ground truth is shown in green.

Model No definitions, no examples Definitions, no examples Definitions with one example
F1 EM F1 EM F1 EM

InternVL3-38B 54.3 29.2 584 25.5 58.5 26.6

Qwen2.5-VL-72B  61.2 15.7 62.8 23.2 62.0 22.1

Table 13: Prompt sensitivity analysis on the val set of Misviz (%).
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