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Abstract

Visualizations play a pivotal role in daily
communication in an increasingly data-driven
world. Research on multimodal large language
models (MLLMs) for automated chart under-
standing has accelerated massively, with steady
improvements on standard benchmarks. How-
ever, for MLLMs to be reliable, they must be
robust to misleading visualizations, i.e., charts
that distort the underlying data, leading read-
ers to draw inaccurate conclusions. Here, we
uncover an important vulnerability: MLLM
question-answering (QA) accuracy on mislead-
ing visualizations drops on average to the level
of the random baseline. To address this, we pro-
vide the first comparison of six inference-time
methods to improve QA performance on mis-
leading visualizations, without compromising
accuracy on non-misleading ones. We find that
two methods, table-based QA and redrawing
the visualization, are effective, with improve-
ments of up to 19.6 percentage points. We
make our code and data available.1

1 Introduction

In an increasingly data-driven world, visualiza-
tions are widely used by scientists, journalists, gov-
ernments, and companies to efficiently commu-
nicate data insights to a broad audience (Huang
et al., 2025). They play a crucial role in crisis
settings, such as during the COVID-19 pandemic,
where charts were shared daily to inform the public
(Zhang et al., 2021). In many cases, visualizations
support a message more convincingly than show-
ing the underlying data table directly to readers
(Pandey et al., 2014). However, visualizations can
also be misleading (Correll and Heer, 2017). This
occurs when design flaws, or misleaders, distort the
underlying data in a way that prevents a correct in-
terpretation by the reader (Tufte and Graves-Morris,
1983; Pandey et al., 2015; Correll and Heer, 2017;

1github.com/UKPLab/acl2026-misleading-visualizations

Lauer and O’Brien, 2020; McNutt et al., 2020;
Yang et al., 2021; Lo et al., 2022; Lisnic et al.,
2023; Lan and Liu, 2025). These misleaders ap-
pear across a wide range of visualizations, includ-
ing bar and line charts, or choropleth maps. Recent
taxonomies have documented over 70 types of mis-
leaders observed in real-world examples (Lo et al.,
2022; Lan and Liu, 2025). Major categories include
axes manipulations, such as truncated and inverted
axes, or the use of visual manipulations like 3D ef-
fects. Figure 1 shows three real-world examples of
misleading visualizations (Lo et al., 2022) paired
with multiple choice questions (MCQs). Given
a question about the underlying data table, their
misleaders lead readers to infer a misleading an-
swer instead of the correct one. Figure 2 illustrates
how two visualizations of the same data, one non-
misleading and the other misleading, can lead to
different interpretations by readers.

Prior work has revealed the potential of mislead-
ing visualizations to deceive human readers. Some
studies (Pandey et al., 2015; Ge et al., 2023; Rho
et al., 2023; Bharti et al., 2024) have shown that
such visualizations reduce human accuracy when
answering MCQs about the underlying data. Other
studies (Pandey et al., 2015; O’Brien and Lauer,
2018; Lauer and O’Brien, 2020) have demonstrated
that human readers tend to provide different Likert-
scale answers to a question depending on whether
they view a misleading or non-misleading visual-
ization of the same data table.

Misleading visualizations pose a serious threat
to society. Due to their deceptive potential, they
can be exploited by malicious actors to promote
online disinformation (Correll and Heer, 2017). For
instance, the charts in Figure 1 mislead readers
on sensitive topics such as COVID-19, abortion,
and gun violence. Misleading visualizations can
shift public opinion, even on polarized debates like
Brexit (Tartaglione and de Wit, 2025).

Multimodal large language models (MLLMs)
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What is the proportion of death of coronavirus 

as a proportion of the number of cases?

Around 66%

Around 16% Around 6%

Around 36%

What was the general trend in gun deaths in Florida 

from 2003 to 2007?

then 

Cannot be inferred

then 

Were there more abortions than 

cancer screenings in 2011?

Yes

Cannot be inferred

No

Misrepresentation

The numerical values are not 

proportional to the height of the bars.

Dual axis

Cancer screenings and 

abortions are shown on 

two different axes.

Inverted axis

The vertical axis increases 

from top to bottom.

Figure 1: Three examples of real-world misleading visualizations (Lo et al., 2022) with MCQs. The correct answer
is colored in green, while the wrong answer supported by the misleader is colored in purple.

| Year | Homes sold |
|--------|-----------------|
| 2015 | 15,509 | 
| 2016 | 16,303 |

How much did home sales increase from 

2015-2016?

How much did home sales increase from 

2015-2016?

1 2 3 4 5 6 1 2 3 4 5 6

Non-misleading bar chart

The vertical axis starts at 0, representing 

faithfully the difference in home sales.

Truncated bar chart

The vertical axis starts at 15,000, 

exaggerating the difference in home sales.

Figure 2: Non-misleading and misleading visualiza-
tions of the same data (Lauer and O’Brien, 2020) with
a Likert-scale question where 1 means “a little” and 6
means “a lot”. A consistent interpretation requires iden-
tical responses. However, the deceived reader chooses a
higher value for the truncated bar chart.

have sparked a massive interest in automated chart
understanding research (Huang et al., 2025), with
steady progress on reference benchmarks such as
ChartQA (Masry et al., 2022; Hoque et al., 2022).
However, existing research has overlooked the im-

portant threat posed by misleading visualizations.
If MLLMs, like humans, are easily deceived by
misleading visualizations, malicious actors could
exploit this vulnerability. MLLMs confronted with
misleading visualizations could present incorrect
interpretations of the underlying data to users, con-
tributing to the spread of disinformation and rein-
forcing human belief in it. These risks underscore
the urgency of thoroughly assessing the vulnera-
bility of MLLMs to misleading visualizations and
developing effective mitigation strategies.

In this work, we conduct the first comprehensive
study to assess and mitigate the vulnerability of 19
MLLMs of varying sizes to misleading visualiza-
tions. In Experiment 1, we compare the question-
answering (QA) accuracy of MLLMs on mislead-
ing and non-misleading visualizations. In Exper-
iment 2, we evaluate the consistency of MLLMs,
i.e., whether they provide the same response to a
Likert-scale question when shown either a mislead-
ing or a non-misleading visualization of the same
underlying data. The results of both experiments
demonstrate that MLLMs, like humans, are indeed
vulnerable to misleading visualizations. In Experi-
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ment 3, we compare six inference-time correction
methods to reduce MLLMs’ vulnerability to the
misleading visualizations from Experiment 1.

In summary, our contributions are twofold: (1)
We present the first extensive analysis of the vulner-
abilities of 19 MLLMs to 17 types of misleading
visualizations, evaluating both QA accuracy and
Likert-scale consistency. (2) We propose the first
analysis of six correction methods to mitigate the
negative impact of misleaders on QA tasks.

2 Methodology

2.1 Datasets

Experiments 1 and 3 We compare the question-
answering (QA) accuracy of MLLMs across two
datasets: (a) a misleading visualization dataset con-
taining n = 143 instances, and featuring 17 types
of misleaders, defined in Appendix A (Ge et al.,
2023; Rho et al., 2023; Bharti et al., 2024; Lo
et al., 2022); (b) a non-misleading visualization
dataset (n = 124) (Ge et al., 2023; Rho et al., 2023;
Bharti et al., 2024; Lee et al., 2017), also combining
real-world and synthetic cases; and (c) ChartQA
(Masry et al., 2022), the reference real-world non-
misleading benchmark (n = 2500). Datasets (a) and
(b) combine three existing resources and one intro-
duced in this work. First, CALVI (Ge et al., 2023)
includes 45 misleading and 15 non-misleading vi-
sualizations based on synthetic data, each paired
with an MCQ. CALVI was initially designed and is
the reference resource for evaluating humans. Sec-
ond, CHARTOM (Rho et al., 2023; Bharti et al.,
2024) contains 56 samples, including 28 MCQs,
20 free-text questions, and 8 rank questions. Each
question is linked to two visualizations, one mis-
leading and one non-misleading. Like CALVI, the
underlying data is synthetic, and the test was origi-
nally designed to evaluate humans. Third, VLAT
(Lee et al., 2017), the reference dataset to evaluate
humans on non-misleading cases, provides 12 visu-
alizations, each paired with three to seven MCQs,
for a total of 53 instances. The visualizations are
based on real-world data. Fourth, we introduce
a dataset of 42 real-world misleading visualiza-
tions, each annotated with an MCQ with three to
four choices. They come from a collection anno-
tated with the misleaders affecting them (Lo et al.,
2022), which inspired the synthetic examples in
CALVI. We manually create MCQs, using CALVI
and CHARTOM as references. By incorporating
visualizations and questions about real-world data,

Dataset Experiments n m Question types

Misleading visualizations 1 & 3 143 17 MCQ, Free-text, rank
↪→ CALVI (misleading) 1 & 3 45 14 MCQ
↪→ CHARTOM (misleading) 1 & 3 56 7 MCQ, Free-text, rank
↪→ Real-world 1 & 3 42 12 MCQ

Non-misleading visualizations 1 & 3 124 - MCQ, Free-text, rank
↪→ CALVI (non-misleading) 1 & 3 15 - MCQ
↪→ CHARTOM (non-misleading) 1 & 3 56 - MCQ, Free-text, rank
↪→ VLAT 1 & 3 53 - MCQ

ChartQA 1 2500 - Free-text

Lauer & O’Brien 2 8 3 Likert-scale

Table 1: Datasets statistics. n is the number of instances.
m is the number of misleader categories.

we introduce direct conflicts with MLLMs’ para-
metric knowledge, allowing us to assess their vul-
nerability in real-world scenarios.

Experiment 2 We use four pairs of visualiza-
tions, one misleading and the other non-misleading,
designed by Lauer and O’Brien (2020).

Table 1 provides detailed dataset statistics.

2.2 Correction methods

In Experiment 3, we compare six inference-time
correction methods, illustrated in Figure 3, to in-
crease QA accuracy on misleading visualization
without compromising it on non-misleading ones.

(1) Misleader warning: we insert in the prompt
a message to make the MLLM aware of the mis-
leader in the visualization. The message is identical
for all instances with the same misleader.

Providing (2) the axes data, (3) the data table,
(4) or both: we prompt the MLLM in zero-shot to
extract the axes labels or underlying data table. The
axes and tables are formatted as text strings. We do
not impose formatting constraints on the axes and
tables. The axes, the table, or both are provided as
additional prompt input.

(5) Table-based QA: after extracting the table
with the MLLM, we provide it alone to a text-only
LLM, reframing the task as table-based QA (Liu
et al., 2023a,b; Kim et al., 2025).

(6) Redrawn visualization: after extracting
the table with the MLLM, we provide it to a text-
only LLM, which generates Python code to create
a visualization using Matplotlib (Hunter, 2007).
If the code compiles successfully, the generated
visualization replaces the original one in the QA
prompt; otherwise, the original one is used.

2.3 Implementation details

Metrics The evaluation of QA accuracy depends
on the question type. For MCQs and rank ques-
tions, we evaluate the exact match. For free-text
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False
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Y-axis label:  “GDP per Capita ($)” - ticks: 10K, 20K, […] 40K 

X-axis label: “Year” - ticks 2000, 2001, […] 2009.

|  Year | GDP per Capita | Year | GDP per Capita  |

|--------|------------------------|---------|------------------------|

| 2000 | 10,000 | 2005 | 31,000 |

| 2001 | 15,000 | 2006 | 32,000 |

| 2002 | 20,000 | 2007 | 35,000 |

| 2003 | 25,000 | 2008 | 38,000 |

| 2004 | 30,000 | 2009 | 40,000 |

True or False: GDP per 

capita for country Z grew 

faster from 2000 to 2003 

than from 2005 to 2008.

Standard 

prompting

Visualization

+ Misleader Warning

Axes 

extraction

Table 

extraction

Redraw 

visualization

True

Visualization 

+ Axes + Table

Visualization 

+ Table

Visualization 

+ Axes

Standard 

prompting

The tick values on one axis are 

not equally spaced, e.g., the 

ticks are 20, 30, 50.

Table-based 

QA

False

False

False

False

False

Figure 3: Illustration of the six inference-time correction methods applied to a misleading visualization from CALVI
(Ge et al., 2023). The visualization suffers from inconsistent tick intervals on the y-axis.

questions, which all expect numerical answers, we
use a relaxed accuracy with a 5% tolerance thresh-
old, following the standard ChartQA setup (Masry
et al., 2022). For ChartQA, we report the scores
established in prior benchmark studies (Chen et al.,
2024b; Lu et al., 2024).

Models We conduct experiments with 19
MLLMs released in 2023-2024 on a machine
with two A100 GPUs, including 11 open-weight
MLLMs from the Llava-Next (Liu et al., 2024),
Qwen2VL (Wang et al., 2024), Ovis1.6 (Lu et al.,
2024), and InternVL2.5 (Chen et al., 2024a) fam-
ilies. We also include five commercial models,
GPT4 and GPT4o (OpenAI, 2023), Gemini-1.5-
flash and -pro (Gemini-Team, 2024), and Claude-
3.5-sonnet (Anthropic, 2024), as well as three open-
weight MLLMs specialized in chart understanding:
Llava-Chart-Instruct (Zeng et al., 2025), TinyChart
(using the Direct approach) (Zhang et al., 2024),
and ChartGemma (Masry et al., 2025). Qwen2.5-
7B (Qwen-Team, 2024) serves as the LLM for
table-based QA and visualization redrawing. We
use the transformers library (Wolf et al., 2020) to
access all open-weight models. All prompts are
provided in Appendix B. We set the temperature
to 0. Following the standard ChartQA evaluation
setup, all (M)LLMs are prompted in zero-shot.

Random baseline We compare the MLLMs
against a random baseline. Its accuracy is 1/n for
an MCQ with n choices, 0 for free-text, and 1/n!
for ranking with n items.

3 Results

3.1 Experiment 1 - Assessing MLLM
vulnerabilities (Accuracy)

Experiment 1 assesses the ability of MLLMs
to answer questions about the underlying data
given a visualization. The upper part of Figure
4 presents the QA accuracy of 19 MLLMs across
the three datasets, sorted by increasing accuracy on
ChartQA. We report bootstrapped (n=5000) confi-
dence intervals (CIs) for the misleading and non-
misleading datasets. The bottom part displays the
accuracy for the three subsets constituting the mis-
leading visualizations dataset. Additional results
are provided in Appendix C. Experiment 1 reveals
three key findings.

Performance is worse on misleading visual-
izations. All MLLMs perform substantially worse
on misleading visualization compared to the non-
misleading visualizations dataset, with accuracy
dropping by up to 34.8 percentage points (pp), with
an average of 23.8 pp. The decline is even more
pronounced compared to ChartQA, reaching up
to 65.5 pp, with an average of 53.8 pp. Further-
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Figure 4: Top: QA accuracy (%) on the misleading visualization, non-misleading visualization, and ChartQA
datasets. Confidence intervals are reported for the misleading and non-misleading datasets. The horizontal dashed
line indicates the accuracy of the random baseline on misleading visualizations. Models are sorted by increasing
accuracy on ChartQA. Bottom: Accuracy (%) of various MLLMs on subsets of the misleading visualizations. The
horizontal dashed lines indicate average human accuracy on CALVI and CHARTOM.

more, the mean MLLM accuracy on misleading
visualizations (26.4%) is comparable to the random
baseline score (25.6%). These results demonstrate
that MLLMs struggle to interpret data distorted by
misleaders correctly.

For comparison, average human accuracy re-
ported on CALVI and CHARTOM is 80 and 89%
for non-misleading visualizations, dropping to 39
and 49% for misleading ones, respectively (Ge
et al., 2023; Rho et al., 2023; Bharti et al., 2024).
On the same datasets, MLLMs achieve an average
of 52 and 48% on non-misleading visualizations
and 24 and 22% on misleading ones, falling short
of human performance in all cases.

The ranking of MLLMs by accuracy varies a lot
across the three datasets. The two best-performing
models on the CALVI subset of misleading visual-
izations rank among the worst on ChartQA, placing

second and third from the bottom. This suggests
that achieving high accuracy on misleading visu-
alizations is unlikely to emerge naturally from im-
provements on ChartQA, underscoring the need for
dedicated mitigation methods.

Performance is higher on real-world mislead-
ing visualizations than on other subsets. MLLMs
perform better on the real-world subset, achieving
an average accuracy of 34.7%, compared to 24%
on CALVI and 22% on CHARTOM. In general, the
best-performing MLLMs on misleading visualiza-
tions, Claude-3.5-sonnet, GPT4o, and Gemini-1.5-
pro, primarily distinguish themselves through their
higher performance on this subset. We hypothe-
size that this advantage stems from their parametric
knowledge, which extends beyond 2022, the end-
point of the real-world subset. This allows these
models to answer some questions based on stored
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knowledge of past events, without relying on the vi-
sualization’s content. Appendix D discusses further
the impact of parametric knowledge. Other factors,
which are not quantified in this work, might explain
the better performance on the real-world subset,
such as the chart aesthetics and visual complexity,
or the difficulty of the MCQs compared to CALVI
and CHARTOM.

Performance varies by type of misleader. Not
all misleading visualizations are equally deceptive.
This was already observed with human readers (Ge
et al., 2023; Rho et al., 2023; Bharti et al., 2024),
and is here further confirmed with MLLMs. The
following analysis considers only misleaders with
at least five occurrences in the dataset. The two
misleaders on which MLLMs perform best are mis-
leading annotations and misrepresentation, with
average accuracies of 50.5 and 44.4%. The two on
which they perform worse are area encoding and
cherry-picking at 7.4 and 10.5%. For the two most
represented misleaders, truncated axis and inverted
axis, the MLLMs achieve average accuracies of
25.1 and 28.1 %. There are notable differences
in which misleaders pose greater challenges to
MLLMs compared to humans, and vice versa. For
instance, area encoding is highly misleading for
MLLMs, but not for human readers, who achieve
an average accuracy of 91.5% (Rho et al., 2023).
Conversely, both humans and MLLMs struggle
with misleaders such as 3D effects (Ge et al., 2023).
The use of a dual axis is a misleader that poses
greater difficulty for humans, who score an aver-
age accuracy of 16.1% on CHARTOM (Rho et al.,
2023), compared to MLLMs, which achieve an av-
erage of 35.5%. These results highlight a notable
difference in how misleaders deceive humans and
MLLMs. This suggests that the methods needed to
make MLLMs more robust to misleading instances
will, at least in part, differ from those designed to
protect human readers (Fan et al., 2022).

3.2 Experiment 2 - Assessing MLLM
vulnerabilities (Consistency)

Experiment 2 evaluates whether MLLMs interpret
consistently two visualizations that represent the
same underlying data table, one misleading and
the other non-misleading. This is assessed using a
Likert-scale question, such as in Figure 2. Unlike
in Experiment 1, there is no ground truth answer.
Instead, since both visualizations depict the same
underlying data, a model is considered misled if
it assigns different scores to the two. We assess

Truncated axis - Bar chart Truncated axis - Line chart

1 2 3 4 5 6

Misrepresentation - Bubble chart

1 2 3 4 5 6

3D effects - Pie chart

Non-misleading - MLLMs Non-misleading - Humans Misleading - MLLMs Misleading - Humans

Figure 5: Average Likert-scale ratings (1 to 6) in Ex-
periment 2. Average MLLM results are reported with
standard deviations. Average human results are reported
from Lauer and O’Brien (2020).

the significance of the difference in ratings with a
Wilcoxon signed-rank test (p-value (p) ≤ 0.05).

Figure 5 summarizes the average Likert-scale rat-
ings from all 19 MLLMs for each visualization pair.
Average human results from prior work (Lauer and
O’Brien, 2020) are included for comparison. The
average rating difference between the misleading
and non-misleading visualizations is similar for hu-
mans and MLLMs, though MLLMs tend to assign
slightly higher scores overall. For MLLMs, the
inconsistency in ratings is significant for the two
visualization pairs involving truncated axis: one
with bar charts (p = 7e-3) and one with line charts
(p = 6e-3). For the other two pairs, misrepresenta-
tion with bubble charts (p = 0.36) and 3D effects
with pie charts (p = 0.49), the differences are not
significant. These results give an initial indication
that MLLMs are unable to consistently recognize
the same underlying data table behind a misleading
and a non-misleading version of the same visual-
ization, particularly for truncated axis. However,
these results are only preliminary and need to be
further validated in future work with a larger set of
MLLMs on more data pairs.

3.3 Experiment 3 - Correction methods

Having established that MLLMs are vulnerable
to misleading visualizations, we examine six cor-
rection methods designed to enhance their robust-
ness. Our focus is on increasing accuracy on
the misleading visualizations dataset from Exper-
iment 1, while maintaining performance on the
non-misleading dataset. We evaluate the impact of
six correction methods using three open-weight,
mid-sized MLLMs, Qwen2VL-7B, Ovis1.6-9B,
and InternVL2.5-8B, all of which performed below
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Figure 6: Change (∆) in accuracy (percentage points) compared to Experiment 1 using different inference-time
correction methods. Statistically significant changes (p≤0.05) are hashed.

the random baseline in Experiment 1. Appendix
E provides the detailed results. Statistical signifi-
cance of the changes in accuracy is assessed using
the two-sided McNemar test (p ≤ 0.05) (McNemar,
1947). Figure 6 shows the change in accuracy rel-
ative to Experiment 1 across the six methods: (1)
inclusion of a warning message, (2) inclusion of
extracted axes, (3) inclusion of the extracted table,
(4) inclusion of both axes and table, (5) table-based
QA, and (6) redrawing the visualization.

Two correction methods are effective: table-
based QA and redrawing the visualization. The
most effective approach to counter misleaders is
table-based QA, which yields significant improve-
ments on misleading visualizations, ranging from
15.4 to 19.6 pp. Originally proposed as a general ap-
proach for chart understanding (Liu et al., 2023a,b),
table-based QA further shows its effectiveness for
countering misleading charts. Its strength lies in re-
placing the visualization with a data table, thereby
eliminating misleaders that do not transfer to the
tabular format, such as inverted and truncated axis.
However, this method proves less effective against
misleaders that persist even when the data is pre-
sented in tabular format, such as inappropriate item
order. Table-based QA incurs a significant cost for
two models on non-misleading visualizations, by
up to 8.5 pp. This degradation is due to errors in

the intermediate table extraction step, which intro-
duce incorrect values or cause relevant information
to be lost. Appendix E reports table-based QA
performance using DePlot (Liu et al., 2023a) and
MatCha (Liu et al., 2023b), two methods developed
specifically for table extraction.

Another promising correction method is redraw-
ing the visualization. This method aligns with prior
efforts to make human readers more robust to mis-
leading visualizations (Fan et al., 2022). It leads to
significant, though more modest, improvements for
two MLLMs. The visualization is redrawn using
the default settings of the Python library Matplotlib
(Hunter, 2007), which inherently avoids certain
misleaders like inverting the axes or using incon-
sistent tick intervals. In Figure 3, the redrawn vi-
sualization corrects the misleading trend line by
eliminating inconsistent tick intervals, leading to
a more accurate representation of the data. This
correction method is effective only if the generated
code compiles successfully on a Python interpreter;
otherwise, the original visualization is used. The
lowest redrawing success rates are observed for
scatter plots (79%) and stacked bar charts (80%),
likely due to their higher visual complexity and
number of elements, which require Qwen2.5-7B to
produce longer Python code. Unlike table-based
QA, there are no significant decreases in accuracy
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on non-misleading visualizations, making it a more
attractive option when preserving performance on
non-misleading visualizations is a priority.

Appendix E discusses the impact of combining
these two effective methods with Chain-of-Thought
prompting (Wei et al., 2022).

Table extraction is a key intermediate step.
Both table-based QA and redrawing the visualiza-
tion depend heavily on the accuracy of the interme-
diate table extraction step. This extraction step is
often non-trivial, particularly for maps or scatter
plots that contain many visual elements. Addition-
ally, misleaders themselves can degrade MLLMs’
ability to extract data accurately. This is particu-
larly prevalent for inverted axis, 3D effects, and
dual axis. Perfect accuracy in table extraction is
not always necessary; its importance depends on
the nature of the question. Some questions can be
answered correctly if the extracted table preserves
the overall trend of the underlying data, while oth-
ers require exact values. We conduct a qualitative
analysis of table extraction in Appendix F.

Other correction methods are not effective.
None of the remaining correction methods yields
significant improvements. While using the ex-
tracted table alone is the most effective method,
combining it with the misleading visualization does
not yield similar gains. The MLLMs are biased to-
ward using the image rather than the table.

Although many misleaders rely on axes manipu-
lations, providing the extracted axes has no signifi-
cant effect on performance. A manual error anal-
ysis showed that the axes extraction step is more
often accurate than table extraction, as reported in
Appendix H. However, unlike the table, the axes
alone are insufficient to answer the question. The
MLLM still needs to combine the visualization im-
age with cues from the axes indicating the presence
of misleaders. The results show that this combina-
tion is challenging. This further suggests that re-
moving or modifying the misleading visualization,
rather than merely supplementing it with additional
prompt input, is a key factor in the success of a
correction method.

Adding a warning message produces only non-
significant changes, with accuracy gains of at most
4.9 pp, mostly limited to the real-world subset. This
warning-based approach assumes prior knowledge
of the specific misleader in the visualization, mak-
ing the reported results an upper bound on its ef-
fectiveness. In practice, a classifier needs to detect
first the presence of misleaders, which remains

a challenging task (Lo and Qu, 2025; Alexander
et al., 2024). Given the already low results ob-
tained with ground-truth misleader labels, this cor-
rection method appears unpromising overall. How-
ever, training a highly accurate misleader detection
model could enable the selective application of
correction methods. This would offer two key ad-
vantages: (1) avoiding the application of correction
methods to non-misleading visualizations, thereby
eliminating any risk of negative impact; and (2) al-
lowing the selection of the most suitable correction
method based on the type of misleader.

4 Related work

The correction methods, particularly misleader
warnings and redrawing the visualization, relate to
prior work on visualization linters (Hopkins et al.,
2020; Chen et al., 2022; Fan et al., 2022): rule-
based methods to detect and correct misleaders.
While these tools proved useful to make human
readers more robust to misleading visualizations
(Fan et al., 2022), they can only operate with spe-
cific chart design tools (Hunter, 2007; Hopkins
et al., 2020; Chen et al., 2022) or a very limited set
of chart and misleader types (Fan et al., 2022). In
contrast, the correction methods we explored do not
impose such restrictions. Table-based QA was orig-
inally introduced as a general approach for chart un-
derstanding by Liu et al. (2023a,b). Although this
approach has been surpassed on standard bench-
marks by more recent methods that treat visualiza-
tions purely as images (Zeng et al., 2025; Masry
et al., 2025), our results reveal that table-based
QA finds a new purpose as an effective method for
counteracting misleading visualizations.

Our findings are further supported by prior work
(Bendeck and Stasko, 2025) and parallel studies
(Pandey and Ottley, 2025; Chen et al., 2025; Valen-
tim et al., 2025), which also report MLLM vulner-
abilities to misleaders (Bendeck and Stasko, 2025;
Pandey and Ottley, 2025; Chen et al., 2025) and to
other design decisions like the color palette (Valen-
tim et al., 2025). Our study differentiates itself in
several key ways. Prior work (Bendeck and Stasko,
2025) only evaluated GPT4 on six misleading visu-
alizations, providing initial hints but lacking depth
to fully establish the presence of a vulnerability.
Unlike parallel works, we include real-world visual-
izations and show that the vulnerability of MLLMs
is lower in these cases. Furthermore, we provide
the first evaluation of six correction methods. Cru-
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cially, we examine the trade-off between improving
QA performance on misleading visualizations and
preserving accuracy on non-misleading ones, an
aspect not addressed in other works.

5 Conclusion

Our findings highlight the vulnerability of MLLMs
to misleading visualizations. Identifying this vul-
nerability fills a critical gap in the research on auto-
mated chart understanding. While MLLMs achieve
strong performance on standard benchmarks such
as ChartQA, they remain vulnerable to mislead-
ing visualizations. This raises serious concerns
about their reliability in real-world settings, espe-
cially given the potential for such vulnerabilities
to be exploited by malicious actors to spread dis-
information (Correll and Heer, 2017). To mitigate
this issue, we evaluated six inference-time correc-
tion methods, two of which, table-based QA and
redrawing the visualization, demonstrated signifi-
cant improvements. However, correction methods
often come at the cost of reduced accuracy on non-
misleading visualizations.

Limitations

We identify three limitations to our work.
First, the visualization redrawing method does

not support maps, as the Matplotlib library (Hunter,
2007) lacks sufficient functionality for rendering
high-quality maps.

Second, we assume prior knowledge of the chart
type (e.g., bar, line) to generate prompts for axes
extraction and redrawing. This is a reasonable as-
sumption, as the chart type can either be provided
by a human user or accurately predicted by a clas-
sifier as a preprocessing step.

Third, existing misleading visualization datasets
are small compared to standard datasets in the au-
tomated chart understanding literature, such as
ChartQA. Furthermore, they do not provide an
equal representation of all misleaders, with trun-
cated and inverted axes being the two most rep-
resented categories. This imbalance is prevalent
in CALVI (Ge et al., 2023) and, to a lesser ex-
tent, in real-world data. Despite these limitations,
CALVI is the reference dataset for assessing hu-
man vulnerability to misleading visualizations. It
was carefully curated by experts in data visual-
ization and validated on a large sample of human
subjects. Therefore, it constitutes a valid resource
for evaluating MLLMs. The properties of CALVI

are similar to those of VLAT (Lee et al., 2017), an
expert-created dataset for non-misleading chart un-
derstanding, which acts as a reference despite being
much smaller than datasets such as ChartQA. Fur-
thermore, the real-world distribution of misleaders
is inherently imbalanced (Lo et al., 2022), with cat-
egories such as truncated axis being more prevalent
than others. Hence, scaling the real-world dataset
would not address the imbalance issues of synthetic
datasets, such as CALVI.
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Table extraction prompt

Generate the underlying data table of the fig-
ure below. Change columns with |, change
row by starting a new line. Provide only the
table as output.

Figure 7: Table extraction prompt.

Axes extraction prompt

For maps: What is the legend and its
categories (with their colors) in this map?
Answer only with the content of the legend
and its categories (with their colors).

For pie charts: What are the categories
in this pie chart? Answer only with the
categories.

Other chart types: What are the axis labels
and ticks of this chart? Answer only with
the axis labels and the tick values, going
from the bottom-left to the top-left corner of
the chart for the y-axis and from the bottom-
left to the bottom-right corner for the x-axis.

Figure 8: Axes extraction prompt.

A Definition of misleaders

Table 2 provides the definitions of all the mislead-
ers considered in this work (Lo et al., 2022; Ge
et al., 2023), with their number of occurrences.

B Prompts

Figures 8, 7, and 9 provide the prompt for the in-
termediate metadata extraction and visualization
redrawing steps. Figure 10 provides the QA prompt
variants. Different parts of the prompt are included
depending on the question type and additional input
of correction methods.

C Experiment 1 - Additional results

QA accuracy with confidence intervals Table 3
presents QA accuracy on the misleading and non-
misleading datasets, with confidence intervals.

QA accuracy by question type Table 4 provides
the QA accuracy per question type for each MLLM
and the random baseline.
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Misleader Definition

Inverted axis (n=26) An axis is oriented in an unconventional direction
and the perception of the data is reversed (Lo et al., 2022).

Truncated axis (n=21) The axis does not start from zero or is truncated
in the middle, resulting in an exaggerated difference
between the two bars (Lo et al., 2022).

Inappropriate axis range (n=15) The axis range is either too broad or too narrow to
accurately visualize the data, allowing changes to be
minimized or maximized depending on
the author’s intention (Lo et al., 2022).

Inconsistent tick intervals (n=12) Cases with varying intervals between the ticks (Lo et al., 2022).
3D effects (n=12) The closer something is, the larger it appears,

despite being the same size in 3D perspective (Lo et al., 2022).
Inappropriate item order (n=9) The axis labels or legends appear to be in a random

order due to manipulation of data ordering (Ge et al., 2023).
Inappropriate aggregation (n=8) Aggregating data in an improper way that leads to

inaccurate conclusions (Ge et al., 2023).
Dual axis (n=8) Two independent axes are layered on top of

each other with inappropriate scaling (Lo et al., 2022).
Misrepresentation (n=7) The value labels provided do not match

the visual encoding (Lo et al., 2022).
Cherry picking (n=6) Selecting only a subset of data to display, which

can be misleading if one is asked to infer something
about the whole set of data (Ge et al., 2023).

Misleading annotations (n=5) Annotations that contradict or make it harder
to read the visualization (Ge et al., 2023).

Area encoding (n=5) Linearly encoding the values as areas
leads the readers to consistently
underestimate the values (Lo et al., 2022).

Concealed uncertainty (n=3) Not displaying uncertainty in visualizations may
misrepresent the certainty in the underlying data.
In the case of prediction making, this can misguide
the viewers to falsely overconfident conclusions (Ge et al., 2023).

Missing normalization (n=3) Displaying unnormalized data in absolute quantity
when normalized data in relative quantity
is of interest (Ge et al., 2023).

Inappropriate use of pie chart (n=1) When a pie chart is used for non-part-to-whole data,
it creates confusion for the audience, who may
misinterpret the significance of a given section (Lo et al., 2022).

Missing data (n=1) A visual representation implies data exist but
the data is actually missing (Ge et al., 2023).

Overplotting (n=1) Displaying too many things on a plot can
obscure parts of the data (Ge et al., 2023).

Table 2: The misleaders included in this work, with their number of occurrences (n).
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Visualization redrawing prompt

Generate the matplotlib code to generate
this {CHART_TYPE}, using the tabular
data below.
Provide only the code as output, including
the table values represented as a list or a
numpy array. {TABLE}

Figure 9: Visualization redrawing prompt.

QA prompt

If table-based QA: {TABLE}

{QUESTION}

If MCQ: Provide the correct answer among
the following choices: {CHOICES}
If rank: Provide the answer as a Python list.

If misleader warning: Be careful, the
following design flaw has been identified
in the chart: {MISLEADER DEFINITION}

If axes: Below is a description of the charts
axis labels or legend. {AXIS}

If table: Below is a table containing the
values represented in the chart. {TABLE}

Provide only the final answer to the ques-
tion.

Figure 10: QA prompt.

10 MLLMs perform worse than or equal to the
random baseline on MCQs for misleading visual-
izations. There are only two for the non-misleading
ones. Free text is the only question type where
some MLLMs perform better on misleading in-
stances than on non-misleading ones. We attribute
this to the difficulty of the free text questions in
the non-misleading VLAT dataset. While only four
MLLMs achieve non-zero accuracy on rank ques-
tions with misleading instances, 13 do so for non-
misleading ones, indicating both the difficulty of
the task and a strong negative impact of the 3D
effect misleader, which affects all rank questions.

Misleading visualizations Non-misleading visualizations
Model QA accuracy CI QA accuracy CI

llava-7B 25.2 (18.2, 32.2) 42.7 (33.9, 50.8)
llava-13B 25.9 (18.9, 32.9) 41.1 (32.3, 50.0)
qwen2vl-2B 27.3 (20.3, 34.3) 39.5 (30.7, 48.4)
tinychart-3B 18.9 (12.6, 25.9) 22.6 (15.3, 29.8)
gpt4 30.8 (23.1, 38.5) 52.4 (43.6, 61.3)
chartinstruction-13B 28.0 (21.0, 35.7) 35.5 (26.6, 43.6)
internvl2.5-2B 16.1 (10.5, 22.4) 44.4 (35.5, 53.2)
chartgemma-3B 18.9 (12.6, 25.2) 23.4 (16.1, 31.5)
ovis1.6-9B 24.5 (17.5, 31.5) 57.3 (48.4, 66.1)
qwen2vl-7B 22.4 (15.4, 29.4) 50.8 (41.9, 59.7)
internvl2.5-4B 21.0 (14.7, 28.0) 50.0 (41.1, 58.9)
internvl2.5-8B 24.5 (17.5, 31.5) 57.3 (48.4, 66.1)
ovis1.6-27B 26.6 (19.6, 34.3) 55.7 (46.8, 64.5)
gemini-1.5-flash 28.0 (21.0, 35.7) 59.7 (50.8, 68.6)
gpt4o 36.4 (28.7, 44.1) 64.5 (55.7, 72.6)
gemini-1.5-pro 34.3 (26.6, 42.0) 66.9 (58.1, 75.0)
internvl2.5-26B 21.7 (15.4, 28.7) 55.7 (46.8, 64.5)
internvl2.5-38B 31.5 (23.8, 39.2) 63.7 (54.8, 72.6)
claude-3.5-sonnet 39.9 (31.5, 48.3) 71.8 (63.7, 79.8)

Table 3: Experiment 1 main results with bootstrapped
confidence intervals (n=5000) (%).
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Figure 11: QA Accuracy (%) per type of misleader.

QA accuracy by misleader Figure 11 provides
the QA accuracy per misleader for each MLLM.

QA accuracy on CHARTOM Table 5 com-
pares the QA accuracy on the misleading and non-
misleading subsets of CHARTOM, which are based
on the same underlying data tables. The change (∆)
in accuracy between the two subsets is larger than
20 pp for 14 out of 19 models. The exceptions are
datasets on which the MLLMs achieve accuracy be-
low 40% for non-misleading visualizations, indicat-
ing limited chart understanding abilities. Improved
performance on the non-misleading subset does not
consistently result in a reduced ∆. These results
further indicate that improving MLLMs’ general
chart understanding does not entirely address their
vulnerability to misleading visualizations.

Results with models released in 2025 While
the focus of this work is on the MLLMs released
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MCQ (n=115) Free-text (n=20) Rank (n=8)
Model Misleading Non-misleading Misleading Non-misleading Misleading Non-misleading

Random baseline 31.3 33.9 0.0 0.0 0.1 0.1
llava-7B 31.3 54.2 0.0 5.0 0.0 0.0
llava-13B 31.3 53.1 5.0 0.0 0.0 0.0
qwen2vl-2B 33.0 51.0 5.0 0.0 0.0 0.0
tinychart-3B 22.6 29.2 5.0 0.0 0.0 0.0
gpt4 36.5 64.6 0.0 5.0 25.0 25.0
chartinstruction-13B 33.9 44.8 5.0 5.0 0.0 0.0
internvl2.5-2B 19.1 56.2 5.0 5.0 0.0 0.0
chartgemma-3B 22.6 29.2 5.0 5.0 0.0 0.0
ovis1.6-9B 26.1 69.8 25.0 15.0 0.0 12.5
qwen2vl-7B 27.0 62.5 5.0 0.0 0.0 37.5
internvl2.5-4B 24.4 61.5 5.0 10.0 12.5 12.5
internvl2.5-8B 27.8 69.8 10.0 15.0 12.5 12.5
ovis1.6-27B 32.2 60.4 5.0 40.0 0.0 37.5
gemini-1.5-flash 33.0 70.8 10.0 10.0 0.0 50.0
gpt4o 40.9 72.9 25.0 30.0 0.0 50.0
gemini-1.5-pro 37.4 72.9 30.0 45.0 0.0 50.0
internvl2.5-26B 24.4 67.7 15.0 20.0 0.0 0.0
internvl2.5-38B 33.0 75.0 35.0 25.0 0.0 25.0
claude-3.5-sonnet 44.4 85.4 25.0 25.0 12.5 25.0

Table 4: Experiment 1 results by question type (%), with their number of occurence (n). The best results are marked
in bold.

Model Misleading CHARTOM Non-misleading CHARTOM ∆

llava-7B 19.6 39.3 19.7
llava-13B 16.1 32.1 16.0
qwen2vl-2B 21.4 44.6 23.2
tinychart-3B 16.1 25.0 8.9
gpt4 25.0 46.4 21.4
chartinstruction-13B 23.2 37.5 14.3
internvl2.5-2B 16.1 44.6 28.5
chartgemma-3B 14.3 17.9 3.6
ovis1.6-9B 23.2 53.6 30.4
qwen2vl-7B 17.9 53.6 35.7
internvl2.5-4B 21.4 50.0 28.6
internvl2.5-8B 25.0 53.6 28.6
ovis1.6-27B 17.9 51.8 33.9
gemini-1.5-flash 19.6 53.6 34.0
gpt4o 23.2 64.3 41.1
gemini-1.5-pro 28.6 64.3 35.7
internvl2.5-26B 21.4 53.6 32.2
internvl2.5-38B 28.6 62.5 33.9
claude-3.5-sonnet 37.5 62.5 25.0

Table 5: QA accuracy by subset on CHARTOM (%).

in 2023-2024, we provide preliminary results with
three commercial models released in 2025: GPT4.1
(OpenAI, 2023), GPT5-mini, and Gemini-2.5-flash-
lite (Gemini-Team, 2025). Their QA accuracy is
reported against the best model from 2024, Claude-
3.5-sonnet, in Table 6. All 2025 models outper-
form Claude-3.5-sonnet on misleading instances.
GPT5-mini even achieves an accuracy above 50%.
However, these MLLMs also perform better on the
non-misleading dataset, and a large change (∆) in
accuracy of more than 20% remains for all of them.

Model Misleading visualizations Non-misleading visualizations ChartQA

Claude-3.5-sonnet 39.9 71.8 90.8

Gemini-2.5-flash 42.0 66.9 76.8
GPT5-mini 53.2 81.5 88.2
GPT5 55.9 89.5 89.6

Table 6: QA accuracy of Claude-3.5-sonnet compared
with recent models released in 2025 (%).

D Experiment 1 - Impact of parametric
knowledge

We observed in Experiment 1 that Claude-3.5-
sonnet, GPT4o, and Gemini-1.5-pro primarily out-
perform other MLLMs on the real-world subset of
the misleading visualizations. We assume this is
due to their parametric knowledge, which allows
them to answer the question without considering
the visualization. To support this assumption, we
identified a subset of 22 real-world MCQS out of
42 that could be answered using world knowledge.
We rephrased the questions slightly to make them
self-contained, without direct references to the vi-
sualization’s content. The accuracy of GPT4o on
this subset is 77%. If we provide only the MCQ to
GPT4o, without the visualization’s image, the ac-
curacy is still 50%, highlighting indeed a moderate
ability to answer the real-world MCQs based on
parametric knowledge. In such cases, parametric
knowledge effectively serves as a form of protec-
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Misleading visualizations Non-misleading visualizations

Default 22.4 48.4
Misleader waring 23.1 50.8
Axes 21.7 48.4

qwen2vl-7B Table 28.0 50.0
Table + axes 28.0 47.6
Table-based QA 42.0 41.1
Redrawn visualization 32.2 46.0

Default 24.5 56.5
Misleader waring 29.4 55.7
Axes 28.0 51.6

ovis1.6-9B Table 21.0 46.8
Table + axes 23.8 49.2
Table-based QA 39.9 47.6
Redrawn visualization 39.2 53.2

Default 23.8 57.3
Misleader waring 24.5 57.3
Axes 23.8 56.5

internvl2.5-8B Table 25.9 50.8
Table + axes 25.2 54.8
Table-based QA 44.1 52.4
Redrawn visualization 25.9 52.4

Table 7: QA accuracy results for Experiment 3 (%).

tion against real-world misleaders. However, this
finding should be interpreted with caution. In prac-
tical scenarios, the underlying data will often be
recent and unlikely to be covered by the parametric
knowledge. Other factors might explain the per-
formance on the real-world subset, including dif-
ferences in visualization complexity and question
difficulty compared to CALVI and CHARTOM.

E Experiment 3 - Additional results

QA accuracy by correction method Table 7 pro-
vides the detailed QA accuracy results for the de-
fault prompt and for the six correction methods.

Results with ChartGemma and GPT5-mini
We apply the two most effective correction meth-
ods, table-based QA and redrawing the visual-
ization, to the strongest chart-specialized model,
ChartGemma, and a strong commercial MLLM re-
leased in 2025, GPT5-mini. Table 8 contains the
results.

ChartGemma excels at table extraction and per-
formed very poorly in Experiment 1. This re-
sults in a high ∆ accuracy for table-based QA
with Qwen2.5-7B, on both datasets. Due to Chart-
Gemma’s weaker visual reasoning abilities, redraw-
ing the visualization does not yield significant im-
provements.

In contrast, GPT5-mini’s performance is already
strong, as shown in Appendix C. Hence, it does
not benefit from providing the extracted table to
Qwen2.5-7B, which has weaker reasoning abilities.
This results in a large performance drop on the non-
misleading dataset. Redrawing the visualization
has no large impact on QA accuracy.

Table-based QA results with DePlot and Matcha
Table 9 compares the performance of table-based

Misleading visualizations Non-misleading visualizations
Model Table-based QA Redrawing Table-based QA Redrawing

ChartGemma-3B +27.3 +2.1 +23.4 +1.6

GPT5-mini - 9.1 +2.8 - 20.1 -3.2

Table 8: Change (∆) in accuracy (percentage points)
compared to Experiment 1 using different inference-
time correction methods with ChartGemma-3B and
GPT5-mini.

Model Misleading visualizations Non-misleading visualizations

DePlot 44.1 46.0
MatCha 42.7 37.9

Qwen2VL-7B 42.0 41.1
Ovis1.6-9B 39.9 47.6
InternVL2.5-8B 44.1 52.4

Table 9: Table-based QA accuracy using Qwen2.5-7B,
with different models for table extraction (%).

QA using MLLMs with that of two smaller special-
ized chart-to-table extraction models, DePlot (Liu
et al., 2023a) and MatCha (Liu et al., 2023b). On
misleading visualizations, the specialized models
outperform Ovis1.6-9B and Qwen2VL-7B. Only
InternVL2.5-8B matches the performance obtained
with DePlot. This indicates that smaller models
fine-tuned specifically for table extraction consti-
tute a strong alternative to MLLMs for countering
misleading visualizations.

However, in non-misleading cases, table-based
QA performs worse with DePlot than with
InternVL2.5-8B. Moreover, MatCha achieves the
lowest performance among all models. We attribute
this gap to the high diversity of chart types in the
non-misleading dataset, particularly in the VLAT
subset, which includes bubble charts and treemaps.
Since DePlot and MatCha were not fine-tuned on
such chart types, they lack the generalization capa-
bilities of MLLMs.

Results with Chain-of-Thought prompting By
default, we evaluate MLLMs in a direct prompt-
ing setting where they only output the final answer.
Prompting techniques such as Chain-of-Thought
(CoT), which requires the MLLM to generate in-
termediate reasoning steps before providing the
final answer, are known to improve performance
on several reasoning tasks (Wei et al., 2022).

Figure 12 shows the change in accuracy when
using zero-shot CoT prompting, either alone or in
combination with one of the two most effective cor-
rection methods, table-based QA, and redrawing
the visualization. CoT alone improves performance
on both misleading and non-misleading visualiza-
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Figure 12: Change (∆) in accuracy (percentage points) compared to Experiment 1 using Chain-of-Thought (CoT)
prompting alone or in combination with correction methods.

tions. The gains are generally modest, except for
InternVL2.5-8B, where the improvement exceeds
10 pp on misleading visualizations.

Using CoT has no significant impact on mis-
leading visualizations for table-based QA. How-
ever, it substantially reduces the negative effects
of table-based QA on non-misleading visualiza-
tions, bringing the performance drop close to 0
for Qwen2VL-7B and even bringing a net positive
change in accuracy for InternVL2.5-8B.

Combining CoT with redrawn visualizations
worsens accuracy on non-misleading visualizations.
Its effect on misleading visualizations depends on
the model. Ovis1.6-9B shows a small decrease,
while InternVL2.5-8B experiences a large gain.

Overall, CoT alone is not an effective correction
method for misleading visualizations. It can be
beneficial when combined with table-based QA,
mainly by mitigating the negative impact on non-
misleading data. However, its effects are incon-
sistent across models and settings, and it should
therefore be applied with caution.

Table 10 reports the results of an error analysis
of the CoT reasoning chains for a random sample
of 30 misleading instances. The majority of the
wrong answers and reasoning are due to the pres-
ence of the misleader, rather than mathematical
mistakes. In a few cases, there is a numerical mis-
take, but the MLLM answers correctly by rounding
to the nearest MCQ choice. Figure 13 shows an
instance in which the inverted color scale deceives
InternVL2.5. Figure 14 is an example of a correct
answer with errors in the CoT reasoning. In that
case, an incorrect value is extracted from the bar
chart. Figure 15 shows an instance where both the
reasoning chain and the answer are correct.

Qwen2VL-7B Ovis1.6-9B InternVL2.5-8B

Wrong answer due to the misleader 14 18 15
Wrong answer due to math reasoning 4 4 3
Correct answer, wrong math reasoning 2 2 2
Correct answer and reasoning 10 6 10

Table 10: Error analysis of the CoT reasoning chains,
on a random sample of 30 misleading instances (%).

F Experiment 3 - Analysis of table
extraction

Error examples Figures 16, 17, and 18 illustrate
representative examples of table extraction errors
made by InternVL2.5-8B due to misleaders. The
examples are taken from CHARTOM, where each
data table is associated with two instances, one
misleading and one non-misleading. In all three
cases, the table extracted from the non-misleading
instance is accurate. However, the MLLM fails to
recover the same table from the misleading version.

In Figure 16, the MLLM fails to correctly align
the dots with the inverted axis. In Figure 17, the 3D
effects distort the perceived size of the bars on the
right side, leading to incorrect value extraction. In
Figure 18, the MLLM first extracts values for both
lines using the left axis, and then switches to the
right axis for 2022, failing to recognize that each
line is associated with a different axis.

Impact of table extraction on table-based QA
We conduct a manual analysis on a random sam-
ple of 30 misleading visualizations to assess the
impact of the table extraction step on the accuracy
of table-based QA. We analyze the three MLLMs
from Experiment 3 as well as DePlot, introduced
in Appendix E. Table 11 provides the results. In
most cases, both steps are incorrect. For all models
except DePlot, the second-most-frequent outcome
is that both steps are correct.
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Predatory species Z is more prevalent in 

NC than in AZ.

True 

Cannot be inferred

False

1. Color analysis:

- NC: the map shows NC in a darker shade of orange, indicating a "very high" prevalence.

- AZ: AZ is shown in a lighter shade of orange, indicating a "high" prevalence.

2. Comparison:

- the darker shade for NC suggests a higher prevalence than the lighter shade for AZ.

3. **conclusion**:

- based on the color gradient, NC has a higher prevalence of predatory species Z than AZ.

Prediction: True

Figure 13: Example of CoT reasoning with InternVL2.5-8B on a misleading visualization, where the MLLM fails
to answer correctly due to the misleader.

What is the calories intake of KFC as a 

proportion of Burger King?

Around 50%

Around 75% Around 90%

1. Identify the calorie values:

- kfc's crispy chicken twister: 650 calories

- burger king: 690 calories

2. Calculate the proportion

proportion = 650/690  * 100 = 94.2%

3. Closest choice

- the closest choice to 94.2% is "around 90%."

Prediction: 90%

Around 40%

Figure 14: Example of CoT reasoning with InternVL2.5-8B on a misleading visualization, where the MLLM
answers correctly but the reasoning contains errors.

In some instances, the extracted table is incor-
rect, but the QA output is correct. This typically
occurs when the correct answer is “not enough in-
formation” and is selected not because of correct
reasoning but because the extracted table contains
missing or incorrect values.

In other cases, the table extraction is correct, but
the QA is incorrect. Except for Ovis1.6-9B, this
category is the least prevalent. This occurs mostly
with misleaders that are not removed when the visu-
alization is converted to a table. For example, if the

misleader is inappropriate item order, the entries
in the table remain shuffled, which is deceiving. If
the misleader is cherry-picking, there is still not
enough data to answer the question properly.

Table extraction accuracy by misleader Table
12 reports our manual analysis of table extrac-
tion accuracy with InternVL2.5-8B, the strongest
MLLM for table-based QA. We analyze all in-
stances of the ten most frequent misleaders in the
misleading visualization dataset. The results show

8346



18

In city Z, what is the approximate average number 

of new buildings built from 1950 to 1952?

30

40 50

1. identify the number of new buildings for each year:

- 1950: 30 buildings

- 1951: 50 buildings

- 1952: 40 buildings

2. calculate the total number of new buildings:

30 + 50 + 40 = 120

3. calculate the average:

120/3 = 40

Prediction: 40

20

Figure 15: Example of CoT reasoning with InternVL2.5-8B on a misleading visualization, where the MLLM
answers correctly with a valid reasoning.

Invert the axis

Table 

extraction

| Year  | CD Shipments |
|--------|----------------------|
| 2017 |          33            | 
| 2018 | 49            |
| 2019 | 53            |
| 2020 | 90            |

Table 

extraction

| Year  | CD Shipments |
|--------|----------------------|
| 2017 |          50            | 
| 2018 | 35            |
| 2019 | 30            |
| 2020 | 15            |

Different values

Different trends

Figure 16: Table extraction for a non-misleading visual-
ization and its misleading version with an inverted axis.

Add 3D effect

Table 

extraction

| Companies  | in 1000s |
|------------------|-------------|
|         A          |       62 |
|         B          |       50    |
|         C          |       25    |
|         D          |       33    |
|         E          |       47    |
|         F          |       66 |

Table 

extraction

Different values

| Companies  | in 1000s |
|------------------|-------------|
|         A          |       60 |
|         B          |       50    |
|         C          |       30    |
|         D          |       25    |
|         E          |       40    |
|         F          |       50 |

Figure 17: Table extraction for a non-misleading visual-
ization and its misleading version with 3D effects.

Use two different 

axes

Table 

extraction

| Year | Tomainia | Bacteria |
|--------|--------------|-------------|
| 2018 |     3800    |    3400   |
| 2019 |     3600    |    3600   |
| 2020 |     3600    |    3700   |
| 2021 |     3500    |    3700   |
| 2022 |     2450    |    2450   |

Different values

Different trends

Table 

extraction

| Year | Tomainia | Bacteria |
|--------|--------------|-------------|
| 2018 |     4000    |    2500   |
| 2019 |     3700    |    2500   |
| 2020 |     3600    |    2500   |
| 2021 |     3500    |    2500   |
| 2022 |     3300    |    2500   |

Figure 18: Table extraction for a non-misleading visual-
ization and its misleading version with dual axis.

Table-based QA (Qwen2.5-7B)
Table extraction Correct Incorrect

Qwen2VL-7B Correct 23.3 10.0
Incorrect 16.7 50.0

Ovis1.6-9B Correct 26.7 20.0
Incorrect 20.0 33.3

InternVL2.5-8B Correct 33.3 20.0
Incorrect 10 36.7

DePlot Correct 13.3 10.0
Incorrect 20.0 56.7

Table 11: Manual analysis of the impact of table extrac-
tion accuracy on table-based QA accuracy, on a random
sample of 30 misleading visualizations (%).
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Misleader Table extraction accuracy

Inverted axis 15.4
Truncated axis 81.0
Inappropriate axis range 46.7
Inconsistent tick intervals 50.0
3D 8.3
Inappropriate item order 33.3
Inappropriate aggregation 37.5
Dual axis 0.0
Misrepresentation 85.7
Cherry-picking 66.7

Table 12: Manual analysis of table extraction accuracy
per misleader category, using Internvl2.5-8B (%).

that extraction accuracy varies across misleaders.

For some misleaders, such as truncated axis and
misrepresentation, the extraction accuracy exceeds
80%. The distortions introduced by these mislead-
ers have a limited impact on table extraction. For
truncated axis, it is sufficient to align the top of
the bars with the vertical axis to recover the values.
For misrepresentation, the model often succeeds
because the relevant value is explicitly displayed
on the bar or pie slice.

In contrast, several misleaders have a severe neg-
ative impact on table extraction. When a dual axis
is present, all extracted tables are incorrect, as il-
lustrated in Figure 18. Inverted axis and 3D effects
also lead to very low extraction accuracy.

Overall, these results show that table-based QA
is not a universal correction method for all mis-
leaders. Future work should either improve table
extraction for challenging misleaders, such as in-
verted and dual axis, by creating large-scale syn-
thetic data and fine-tuning specialized models like
DePlot, or by designing dedicated correction meth-
ods for these misleaders.

Consistency of table extraction on CHARTOM
We conducted a manual analysis of the table extrac-
tion outputs of all three MLLMs on CHARTOM,
which pairs each question with two visualizations,
one misleading and one non-misleading, generated
from the same underlying data. For all MLLMs,
the extracted tables match exactly in only 4 out
of 56 pairs (7.1%) and partially in 13 to 14 other
pairs (23 to 25%). This further shows the negative
impact of misleaders on table extraction accuracy.

Qwen2VL-7B Ovis1.6-9B InternVL2.5-8B

No redrawing for maps 4 4 4
Code did not compile 4 0 2
Incorrect chart design 4 3 2
Correct chart, incorrect values 7 12 8
Correct chart and values 11 11 13

Table 13: Error analysis of the generated codes of the
redrawn visualizations, on a random sample of 30 mis-
leading instances (%).

Add 3D effect

Visualization 

redrawing

Visualization 

redrawing

Figure 19: Visualization redrawing for a non-misleading
visualization and its misleading version with inverted
axis.

G Experiment 3 - Analysis of
visualization redrawing

Table 10 shows the results of a manual analysis of
the quality of the redrawn visualizations on a ran-
dom sample of 30 misleading instances. A correct
chart with correct values is drawn in more than 30%
of the cases. The most prevalent issue is redrawing
a correct chart type with incorrect values. This is
due to error propagation from the table extraction
step. In less frequent cases, Qwen2.5-7B generates
code that produces the wrong type of visualization
or does not compile at all.

Figures 19, 20, and 21 provide error examples
based on pairs of misleading and non-misleading
instances of CHARTOM. The examples are the
same as those used for table extraction in Figures
16, 17, and 18.

H Experiment 3 - Analysis of axes
extraction

We conduct a manual analysis on a random sample
of 30 misleading visualizations to assess the impact
of the axes extraction step on the accuracy of the
visualization+axes correction method. The results
are reported in Table 14.

Compared to the table extraction results shown
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Use two different 

axes

Visualization 

redrawing

Visualization 

redrawing

Figure 20: Visualization redrawing for a non-misleading
visualization and its misleading version with 3D effects.

Invert the axis

Visualization 

redrawing

Visualization 

redrawing

Figure 21: Visualization redrawing for a non-misleading
visualization and its misleading version with dual axis.

Visualization + axes QA
Table extraction Correct Incorrect

Qwen2VL-7B Correct 16.7 50.0
Incorrect 13.3 20.0

Ovis1.6-9B Correct 20.0 56.7
Incorrect 10.0 13.3

InternVL2.5-8B Correct 23.3 60.0
Incorrect 6.7 10.0

Table 14: Manual analysis of the impact of axes extrac-
tion accuracy on visualization+axes QA accuracy, on a
random sample of 30 misleading visualizations (%).

in Table 11, axes extraction is often accurate, with
20 to 25 out of 30 instances containing correct
axis information. However, this high extraction
accuracy does not translate into strong QA per-
formance. For all MLLMs, at least half of the
instances exhibit correct axes but incorrect QA pre-
dictions. Two main factors explain this behavior.
First, the MLLMs often appear to ignore the ex-
tracted axes information and remain primarily influ-
enced by the image modality. Second, the axes are
unrelated to the distortions introduced by several
misleaders, such as 3D effects or misrepresentation,
which limits their corrective value.

Axes extraction errors occur most frequently for
inconsistent tick intervals, where the MLLMs tend
to hallucinate evenly spaced ticks along the axis.
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