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Zusammenfassung

Datenvisualisierungen sind ein weit verbreitetes Medium zur Vermittlung komplexer Informationen, konnen
jedoch durch schlechte Gestaltungsentscheidungen oder gezielte Manipulation auch irrefiihrend sein. Diese
Arbeit widmet sich der Herausforderung, irrefiihrende Elemente in Datenvisualisierungen automatisch zu
erkennen, indem ein auf synthetischen Daten trainierter, visuell basierter Klassifikationsansatz vorgeschlagen
wird.

Zur Ermoglichung systematischer Experimente wird ein neuartiger, grol$ angelegter synthetischer Daten-
satz, Misviz Synthetic, eingefiihrt, der 14 Arten von irrefiihrenden Elementen iiber Balken-, Linien- und
Kreisdiagramme hinweg abdeckt.

Eine umfassende Ablationsstudie untersucht den Beitrag verschiedener Diagrammkomponenten, ndmlich des
Bildes, der Achsenmetadaten und der zugrundeliegenden Datentabelle, zur Klassifikationsleistung bei der
Erkennung irrefithrender Visualisierungen. Die Ergebnisse zeigen, dass Achsenmetadaten komplementére
Informationen liefern, die von reinen Vision-Encodern haufig nicht erfasst werden, was insbesondere die
Erkennung achsenbezogener irrefiihrender Elemente verbessert.

Aufbauend auf diesen Erkenntnissen wird eine Klassifikationsarchitektur vorgeschlagen, die extrahierte
Achsenmetadaten integriert und auf einem feinabgestimmten Modell des Chart-to-Table-Ansatzes DePlot
basiert, genannt Axis-DePlot. Modelle, die auf Misviz Synthetic trainiert wurden, erreichen unter synthetischen
Bedingungen eine starke Leistung. Das leistungsfahigste Modell kombiniert extrahierte Achsenmetadaten
mit einer Bildreprasentation und erreicht einen makro-gemittelten F;-Score von 0,876. Bei der Evaluation
auf dem realen Datensatz Misviz sinkt die Leistung jedoch deutlich, wobei das beste Modell einen durch-
schnittlichen Makro- F-Score von 0,188 erreicht. Diese Leistungsliicke macht deutlich, wie wichtig es ist, die
visuelle und strukturelle Vielfalt des synthetischen Datensatzes weiter zu erhohen, um die Komplexitét realer
Datenvisualisierungen besser abzubilden.

Auch ohne vollstiandige Generalisierung stellt diese Arbeit einen wichtigen Schritt auf dem Weg zum langfris-
tigen Ziel dar, Systeme zu entwickeln, die in der Lage sind, irrefiihrende Diagrammelemente zu erkennen, zu
erklaren und gegebenenfalls zu korrigieren. Nach der Erkennung konnten solche Elemente genutzt werden,
um Systeme zu unterstiitzen, die Erklarungen fiir irrefiihrende Elemente liefern oder Korrekturmalinahmen
vorschlagen, wie etwa die Wiederherstellung einer abgeschnittenen y-Achse oder die Entfernung verzerren-
der Effekte. Letztlich trégt diese Forschung zur Entwicklung intelligenter Werkzeuge bei, die Nutzer dabei
unterstiitzen, Datenvisualisierungen kritisch zu interpretieren und visueller Manipulation entgegenzuwirken.




Abstract

Data visualizations are a widely used medium for communicating complex information, but they can also be
misleading due to poor design choices or intentional manipulation. This thesis addresses the challenge of
automatically detecting misleading elements in data visualizations by proposing a vision-based classification
approach trained on synthetic data.

To enable systematic experimentation, a novel large-scale synthetic dataset, Misviz Synthetic, is introduced,
covering 14 misleader types across bar, line, and pie charts.

A comprehensive ablation study investigates the contribution of different chart components, namely the image,
axis metadata, and the underlying data table, to misleading data visualization classification performance. The
findings indicate that axis metadata provides complementary information that vision encoders alone often fail
to capture, leading to improved detection of misleading elements, especially for axis-related misleaders.

Based on these findings, a classification architecture is proposed that incorporates extracted axis metadata
using a model fine-tuned from the chart-to-table model DePlot, referred to as Axis-DePlot. Models trained on
Misviz Synthetic achieve strong performance under synthetic conditions. The best-performing model utilizes
extracted axis metadata combined with an image representation and achieves a macro-average F score of
0.782. However, when evaluated on the real-world dataset Misviz, performance declines significantly, with
the best model reaching a macro-average F; score of 0.188. This performance gap highlights the importance
of further increasing the visual and structural diversity of the synthetic dataset to reflect the complexity of
real-world data visualizations better.

Even without generalization, this work marks an important step toward building systems capable of identifying,
explaining, and potentially correcting deceptive chart elements. Once detected, such elements could be used
to inform systems that provide explanations for misleading design choices or propose corrective actions,
such as restoring a truncated y-axis or removing distorting effects. Ultimately, this research advances the
development of intelligent tools that assist users in critically interpreting data visualizations and resisting
visual manipulation.
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1. Introduction

1.1. Motivation

In our modern world, data visualizations have become an essential tool for conveying complex information
quickly and clearly. For example, data visualizations, such as interactive maps, infographics, and statistical
graphics, play a central role in shaping public understanding and guiding decision-making across domains
such as politics, economics, and global affairs [1-4]. However, data visualizations can be misleading and
intentionally manipulated to fit a particular political agenda and influence public opinion (see Figure 1.1). As
a result, they may distort public understanding of currently unfolding events and contribute to conclusions
that the underlying data does not support (see Figure 1.2) [5-7].

AMERICA'S ECONOMIC GROWTH
IN THE 21ST CENTURY

GDP, $ trillions

Figure 1.1.: Examples of Misleading Data Visualizations. ® The image shows a bar chart with a 3D effect
applied and the y-axis is truncated, distorting the real proportions of the data [8]. @ The y-axis
of the chart uses inconsistent y-axis scaling to make the emphasized value appear bigger than it
is [9].

Given the potential for visualizations to mislead, whether through unintentional design flaws or deliberate
manipulation, there is a growing need for tools to help evaluate their trustworthiness at scale. The research into
multimodal misinformation detection has experienced rapid growth [11] due to the emergence of Multimodal
Large Language Models (MLLMs), such as GPT-4 [12], Qwen [13], and InternVL [14], which possess advanced
capabilities for interpreting both text and images and offer significant potential for automatically identifying
misinformation and misleading data visualizations.

While research leveraging Large Language Models (LLMs) and MLLMs to detect text-based misinformation
detection has picked up in recent years, the effectiveness of MLLMs on misleading data visualizations remains
understudied, with prior efforts focusing on rule-based linting tools [15, 16]. Linting tools are based on
the premise that misleading data visualizations typically stem from unintentional design decisions made by
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Figure 1.2.: Illustration of a Reasoning Error Induced by a Misleading Data Visualization. The y-axis is
inverted, creating the false impression of a downward trend [10]. When comparing the chart to
the actual data table, a viewer might arrive at two conflicting conclusions.

inexperienced users during the visual analytics process [16]. These approaches emphasize static analysis
during the chart creation phase, aiming to identify potential sources of confusion or misinterpretation before
the visualization is finalized and published [15, 16]. When access to the underlying data, the visualization
code, and/or the chart specification is available, linting tools can automatically flag or correct misleading
elements as part of the design workflow [15, 16]. However, in post-publication scenarios where only the final
image is available, such tools are no longer practical, as they rely on access to the original data and generation
context.

Consequently, recent studies have begun to investigate the capabilities of MLLMs in detecting misleading data
visualizations, given only the image of the chart, by prompting the models to answer questions from datasets
such as the Critical Thinking Assessment for Literacy in Visualizations (CALVI) [7], which probes human
critical thinking skills in the context of deceptive visualizations, and CHARt Theory of Mind (CHARTOM) [17,
18], a dataset created to evaluate MLLMs capabilities regarding misleading data visualization detection and
judgment of potential misleading factors. While CHARTOM primarily targets MLLMs, it is built upon principles
of human critical thinking assessment [18]. However, the studies show that current state-of-the-art (SOTA)
models struggle to identify misleading factors in charts in a question answering (QA) scenario [19, 20].
Other studies explicitly examine the capabilities of MLLMs in detecting misleading data visualizations by
applying various prompting strategies [21, 22]. While MLLMs demonstrate promising performance in this area,
their overall effectiveness still leaves room for improvement. Importantly, achieving higher accuracy often
depends on the use of Chain-of-Thought (CoT) prompting [22] or the application of multiple prompts targeting
individual misleading elements [21], suggesting that current models lack inherent robustness in reasoning
about misleading data visualizations. Moreover, single-prompt approaches, where a model is asked to detect




all potential misleading elements at once, tend to scale poorly as the number of misleaders increases [22].
In addition, the limited size of existing datasets constrains current research to model evaluation [5-7, 17],
hindering efforts toward robust training and generalization. Moreover, no dedicated benchmark exists for
systematically comparing model performance in detecting misleading data visualizations.

To address these limitations, this thesis shifts the focus from prompt-based detection and reasoning to the
direct detection of misleading elements in data visualizations. Rather than relying on carefully engineered
questions or CoT prompting, we propose a vision-based classifier setup in which models directly identify
misleading features in data visualizations. While this work focuses specifically on the detection task, this
capability forms a critical foundation for combating misleading data visualizations. Accurate detection enables
downstream systems to flag misleading data visualizations and serves as a necessary precursor to future
developments, such as the automated explanation or correction of misleading data visualizations. To support
this, this work introduces a large-scale synthetic dataset called Misviz Synthetic, which is specifically designed
for training and evaluating models on misleading data visualization detection. This dataset enables systematic
analysis of model capabilities and makes it feasible to train robust classifiers at scale. By advancing image-based
detection with dedicated training data, this thesis takes an important step toward enabling tools that help
viewers interpret visual data more critically, with the final goal of reducing the risk of people being misled by
misleading data visualizations.

To address the research gap, this thesis makes the following key contributions:

* Misviz Synthetic: A novel large synthetic dataset based on real-world data covering 14 misleading
visualization types across bar, line, and pie charts.

* Ablation Study: An extensive analysis across different vision encoders of which input features contribute
the most to detecting misleading data visualizations.

* Classification Model: A novel model architecture that achieves SOTA performance in detecting mislead-
ing data visualizations on the Misviz Synthetic dataset.

* Real-World Evaluation: Assessment of the best-performing models from the ablation study on real-world
misleading visualizations from the Misviz dataset.’

1.2. Research Goals

This thesis aims to advance the detection of misleading data visualizations by developing a synthetic dataset,
Misviz Synthetic, which captures a diverse range of misleading data visualizations. Misviz Synthetic enables
controlled experimentation to assess the impact of individual chart components on detecting misleading
elements. While charts are often treated as visual artifacts, they are composed of multiple elements that can
be exploited during analysis, such as the image itself, the axis labels and scales, and the underlying data table.
This work analyzes which available features are most relevant for detecting misleading data visualizations.
The synthetic dataset is used to identify which of these input modalities current chart vision encoders fail to
capture effectively and whether incorporating them can enhance detection performance. In addition, models
trained on synthetic data are evaluated for their generalization ability in real-world data visualizations. The
following research questions (RQs) guide this work:

!Dataset in internal development by the UKP lab of the Technical University Darmstadt.




* RQ1: Which feature of a chart (the image itself, the axis metadata, or the underlying data table)
contributes to the detection of misleading factors?

* RQ2: Can a trained model detect misleading data visualizations?

* RQ3: Can models trained on synthetic misleading charts generalize to real-world charts?




2. Related Work

2.1. Misinformation

The spread of misinformation is on the rise, with the World Economic Forum (WEF) listing it as the fourth most
significant risk in its annual global risks report. According to the WEF, misinformation and disinformation
have the potential to "[...] fuel instability and undermine trust in governance, complicating the urgent need
for cooperation to address shared crises." [23] Misinformation is seen as false information, and disinformation
is seen as "[...] deliberately false information." [24] Until recently, the study of misinformation has been
focused on textual misinformation, with the study of misleading data visualizations being disregarded [25].
The growing ability of MLLMs to jointly reason over images and text [12-14] has given rise to new research
directions within the broader study of misinformation. One such area is multimodal fake news detection and
explanation, which focuses on identifying and interpreting deceptive news content that combines textual and
visual information [26, 27]. Another emerging research direction is fake image detection and reasoning, which
explores the identification of manipulated or counterfeit images and the explanation of their deceptive ele-
ments [28-30]. Compared to other forms of visual misinformation, research in misleading data visualizations
is still in its early stages, with fewer studies addressing their detection and interpretation.

2.2. Misleading Data Visualizations

2.2.1. Definition of Misleading Data Visualizations

Misleading data visualizations are defined with varying terminology across scientific literature. Pandey et
al. [31] define a "deceptive visualization" as "[...] a graphical depiction of information, designed with or
without an intent to deceive, that may create a belief about the message and/or its components, which varies
from the actual message." Fan et al. [32] employ the same term and define it similarly as "[...] visualizations
that, whether intentionally or not, lead the reader to an understanding of the data which varies from the actual
data." McNutt et al. [16] introduce the term "visualization mirage" to describe "[...] any visualization where
the cursory reading of the visualization would appear to support a particular message arising from the data,
but where a closer re-examination of the visualization, backing data, or analytical process would invalidate or
cast significant doubt on this support." Lo et al. [5] use the term "misleading visualization" specifically for
visualizations that are manipulated to appear supportive of claims not supported by the underlying data. Ge
et al. [7] define the term "misleaders,” which depicts "[...] decisions made in the construction of visualizations
that can lead to conclusions not supported by the data."

Analyzing these definitions reveals key commonalities:

* a potential discrepancy between the impression created by the visualization and the actual data,




* the potential to be both intentionally and unintentionally misleading, and
* the result of viewers forming incorrect interpretations.

Based on the mentioned factors, this work utilizes the term misleading data visualizations, defined as visualiza-
tions that, whether created intentionally or unintentionally, lead viewers to an understanding or conclusion
about the data that deviates from the underlying or real-world data, which results in the viewer potentially
forming incorrect interpretations about the data. Furthermore, to differentiate misleading data visualizations
from the factors that cause them, this work utilizes the term misleader. The term is defined as the factor
that leads visualizations to become misleading data visualizations. Furthermore, the term chart is used as a
synonym for data visualizations.

2.2.2. Taxonomy of Misleaders

Although misleading data visualizations have been studied for decades, this discussion centers on work that
comprehensively categorizes and explains a broad range of misleader types. One notable example is the work
by Lo et al. [5], who present a foundational study on misleading visualizations. The work analyzes over one
thousand real-world examples of visualizations reported as deceptive or misleading and uses open coding
to identify 74 distinct types of misleaders in data visualizations. Based on the found misleaders, Lo et al.
developed a detailed taxonomy of misleading elements in visualizations. This taxonomy offers a structured
way to understand and categorize misleading factors in data visualizations. McNutt et al. [16] introduce
a comprehensive overview of errors in the design process of a chart, which can result in misleading data
visualizations, categorized by the design step in which the error might arise. Lan et al. [33] propose a new
taxonomy built on top of previous misleader taxonomy studies [5, 6, 16], identifying new misleading factors
in charts and analyzing future research areas in the field.

2.2.3. Risk Posed by Misleading Data Visualizations

Given the diverse range of misleaders, quantifying their risk remains challenging. In the following sections,
existing literature on two key aspects is reviewed: first, the frequency with which misleading visualizations
occur in real-world contexts, and second, the documented impacts these visualizations have on viewer
perception.

Frequency of Misleading Data Visualizations

There is limited empirical research that systematically quantifies the frequency of misleading data visualizations
in real-world settings. One exception is the study by Lisnic et al. [6], which analyzed visualizations collected
from the official Twitter COVID-19 streaming endpoint (now referred to as X). The authors report that 12% of
the sampled visualizations exhibited characteristics classified as misleading. The most commonly identified
misleader types were the use of dual axes (5.4%), area or 3D encodings (5.0%), and truncated axes (1.2%).

Impact of Misleading Data Visualizations

Data visualizations have been shown to significantly affect changes in opinion and excel at amplifying related
messages [34]. Undetected misleading data visualizations have the potential to amplify or alter the viewer’s
opinion. Due to the wide variety of misleaders, studies on the impact of misleading data visualizations typically
focus on selected misleading factors.

Pandey et al. [31] analyzed how misleading data visualizations affect data interpretation. Their study examined
both "exaggerated message" misleaders, which exaggerate the message the underlying data communicates




(truncated y-axis in bar charts, area encoding in bubble charts, and distorted aspect ratio in line charts), and
a "message reversal" misleader, which inverts the message of the underlying data (inverted y-axis in line
charts). Among 250 participants rating perceived differences between values on a 5-point 5 Likert scale,
those shown misleading visualizations perceived differences as 58.5 to 129.5% larger compared to those
shown non-misleading visualizations. In the message reversal test, 97.5% of participants presented with the
misleading chart incorrectly interpreted whether values had improved or declined.

Rho et al. [18] conducted an empirical study to assess the impact of 14 types of misleading graphs on viewers’
ability to interpret data. Based on a sample of 78 undergraduate students, the study found that misleading
charts significantly reduced participants’ accuracy in interpreting data values compared to non-misleading
versions. While some chart types, such as inverted axes or manipulated time intervals, strongly impaired
comprehension, others, like pictorial bars or compressed y-axes, had minimal effect. The study demonstrates
that not all misleaders are equally impactful and emphasizes prioritizing the most harmful types in educational
interventions.

Prior work by Smith et al. [35] investigated the impact of misleading data visualizations when paired with
accurate textual descriptions. Through an online survey with 256 participants evenly divided between control
and test groups, they found that misleading data visualizations successfully misled viewers, even if the paired
textual description was factually accurate.

In the line of study of human literacy of data visualizations, Ge et al. [7] published CALVI, an assessment test
for humans consisting of 45 questions, which combine multiple-choice and true-or-false formats, designed
to measure "[...] people’s ability to read, interpret, and reason about erroneous or potentially misleading
visualizations". CALVI’s structure incorporates 15 visualizations from the Visualization Literacy Assessment
Test (VLAT), which features non-misleading visualizations [36], alongside 15 visualizations intentionally
containing misleaders. The test covers nine data visualization types and 11 misleader types. To validate the
effectiveness of CALVI, the researchers conducted a trial study with 497 participants, analyzing item easiness,
item discrimination metrics, and correct answer rates. The assessment revealed patterns in how likely people
are to identify specific misleaders, providing a comprehensive overview of the relative difficulty of detecting
various deceptive techniques in data visualizations [7].

2.3. Automated Chart Understanding

Automated Chart Understanding is an interdisciplinary area that applies computer vision and natural language
techniques to interpret data visualizations. The field focuses on tasks such as question answering [37-41],
chart-to-table conversion [42, 43], and summarization [44-47] (A comprehensive overview is provided by
Huang et al. [48]).

2.3.1. Background on Transformers and Vision Encoders

The transformer, introduced by Vaswani et al. [49] in the paper “Attention Is All You Need”, is a deep neural
network architecture. The architecture relies on multi-head self-attention to model long-range dependencies
by weighing relationships between all input elements. Compared to prior model architectures such as
Convolutional Neural Networks (CNNs) [50] and Recurrent Neural Networks (RNNs) [51, 52], transformers
offer significantly increased parallelization and training efficiency [49]. The architecture has since become
the predominant architecture in SOTA LLMs and MLLMs [12-14] and has been adapted to computer vision.




Dosovitskiy et al. [53] introduced Vision Transformers (ViTs), treating images as sequences of patch embeddings
processed by a transformer encoder. Given sufficient training data, this approach matches or surpasses CNNs
on image classification tasks.

Beyond the ViT architecture, several alternative architectures have been proposed to improve the efficiency
and scalability of vision-based transformers. One such approach is the Shape-Optimized Vision Transformer
(SoViT) [54] architecture, a lightweight vision transformer that processes images as smaller, non-overlapping
slices to reduce memory usage and computation while preserving spatial structure. Also of note is the Shifted
windows (Swin) [55] transformer architecture, which introduces a hierarchical structure that restricts attention
computation to non-overlapping windows and shifts these windows between layers. As a result, Swin achieves
linear computational complexity with respect to image size and demonstrated SOTA performance across image
recognition and dense prediction tasks at the time of publication [55].

2.3.2. Domain-Specific Models

Transformer-based encoders have proven effective in the automated chart understanding domain for advanced
understanding tasks. Chart images are inherently multimodal (combining graphical elements with textual
labels). Early approaches in the area of chart understanding utilized preexisting Optical Character Recognition
(OCR) tools to extract the underlying data, graphical elements and textual labels of the chart, which were then
used as input to a Language Model (LM) to perform domain-specific tasks [39, 42, 56-59]. Recent studies have
utilized end-to-end trained vision language encoder-decoder models that learn structured representations of
chart images, outperforming previous approaches [60-66]. All models deploy one [60-63, 65, 67] or multiple
visual encoders [64, 67] (such as a CNN [50], ViT [53], SoViT [54] or Swin [55] transformer) to transform
image inputs into dense feature representations, which are then used alone, or in combination with encoded
textual inputs, and passed into a textual decoder to generate a desired answer. Because the encoded images
represent the information required to complete the tasks they were fine-tuned on, they can be utilized for
downstream tasks such as image classification.

2.4. Misleading Data Visualization Detection and Evaluation

2.4.1. Available Misleading Data Visualization Datasets

Training and evaluating models requires data. Currently, available datasets are mostly small and primarily
used to evaluate misleading data visualization detection capabilities. Lo et al. [5] utilized open coding to
discover various misleader types in data visualizations, annotating 1.142 images of data visualizations with
74 different misleading factors. The authors searched search engines and social media websites for terms
related to misleading data visualizations to find suitable images. Additionally, the authors scraped the Reddit
page /r/dataisugly,! in total accumulating 129.125 data visualizations which contain potentially misleading
factors. Around 6.500 images were analyzed to derive the misleader taxonomy:.

The analysis by Lisnic et al. [6] of tweets from the official Twitter COVID-19 streaming endpoint (now referred
to as X) yielded a dataset containing 1.276 annotated misleading data visualizations across seven misleader

types.

lhttps://www.reddit.com/r/dataisugly/



https://www.reddit.com/r/dataisugly/

#Transformingindia

Renewable Energy - Clean Energy
Installed Solar Capacity almost Doubled

New capacity
addition in just
one year almost
equals total
capacity till

Till 201415 In 201516 A

11%

It's a two horse race!
the Lib Dems are the best choice
to beat Labour in Liverpool

Figure 2.1.: Two Examples from the Misviz Dataset. The left image shows a line chart containing the
misleader truncated y-axis, which makes the value on the right appear disproportionately larger
than the other values. The right image depicts a horizontal bar chart with a misrepresentation
misleader, as the bar sizes do not correspond to their respective value labels.
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CHARTOM [17] is a QA benchmark to evaluate MLLMs perception of factual truth in data visualizations
and the ability to recognize if a given data visualization will mislead a human. Built upon a human critical
thinking assessment [18], the dataset consists of 112 data visualization images, which come in 56 pairs, with
one chart being misleading and the other not. For each pair, a factual question and a reasoning question are
posed. The factual question requires a one-word answer. The reasoning question includes multiple choice, free
text entry, or sorting. The dataset covers pie-, bar-, line charts, scatter plots, and maps. The dataset covers 11
misleader types.

Ge et al. [7] developed a human critical thinking test that encompasses a question corpus of 60 data visualiza-
tions, each having a related true-or-false or multiple-choice question. In total, 45 of the contained charts are
misleading. The other 15 contain no misleaders.

Although not associated with a peer-reviewed publication, the MISCHA-QA dataset? introduces a set of five
misleader types, called Non-Zero Baseline, Inconsistent Time Intervals, Over-Segmentation, Non-Sum to 100,
and Non-Sum to 100%, spanning three common chart types: bar, line, and pie charts. While MISCHA-QA is
the largest publicly available dataset of its kind, comprising 8.205 images and including a dedicated training
split, the process by which the data was generated remains undocumented, limiting the ability to assess its
quality, potential biases, and suitability for evaluation tasks.

This work utilizes the Misviz dataset,® which encompasses 2.627 images of data visualizations. The dataset
includes 12 misleader types, six chart types, and a diverse Other category. Overall, the dataset consists
of annotated images of misleading data visualizations collected from prior studies [5, 33], additional self-
annotated examples from the Reddit community /r/dataisugly,* and non-misleading visualizations from
/r/dataisbeautiful.”> Example data are shown in Figure 2.1.

2https://huggingface.co/datasets/chart-misinformation-detection/MISCHA-QA

3Dataset in internal development by the Ubiquitous Knowledge Processing lab of the Technical University Darmstadt.
*https://www.reddit.com/r/dataisugly/

*https://www.reddit.com/r/dataisbeautiful/
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2.4.2. Dedicated Automatic Detection Approaches

The research on the automatic detection of misleading data visualizations is limited. Only one known work
has developed a dedicated detection tool for misleading data visualizations. Fan et al. [32] propose a tool
to annotate misleading factors in line charts, covering the misleaders truncated y-axis, inverted y-axis, and
distorted aspect ratio. The approach utilizes OCR tools to extract line chart information and subsequently
annotate and correct the misleading factors in the chart image. Fan et al. [32] used an experiment similar to
Pandey et al. [31] to evaluate the tool. Participants were presented with line charts containing "exaggerated
message" and "message reversal" misleaders (truncated y-axis and inverted y-axis). Instead of showing the
non-misleading version of the chart, the authors employ the proposed annotation tool. Participants with
access to the annotation tool were less likely to be impacted by the "message reversal" (truncated y-axis) and
"message inversion" (inverted y-axis) techniques [32].

2.4.3. Evaluation of Detection Capabilities of Multimodal Large Language Models

In addition to dedicated detection approaches, recent studies have evaluated the detection capabilities of
general-purpose MLLMs. Studies show that MLLMs have limited ability to detect misleading data visualizations.

Alexander et al. [21] utilize a subset of the COVID-19 tweet-visualization dataset from Lisnic et al. [6] to study
the ability of the proprietary MLLMs GPT-40 mini [68], GPT-40 [69], and GPT-4V [70] to detect reasoning
misleaders and visual misleading data visualizations. The models were tested under four prompting strategies,
ranging from naive zero-shot to prompts with definitions and examples. Results show that the models can
moderately detect misleading visuals without training, and performance improves with guided prompts.
Alexander et al. [21] evaluated the models in a binary setting, asking whether a given misleader is present
in the image, once per misleader type. The GPT-40 [69] model performs best with an AUC-score of 0.821.
According to Alexander et al., "[...] a single prompt engineering technique does not yield the best results for
all misleader types". The best prompting strategies depend on the misleader type: Definitions with examples
are more effective for reasoning-based misleaders, whereas simple definitions suffice for visual misleaders
[21].

In comparison, Lo et al. [22] use single prompt engineering techniques. Building on a dataset of misleading
charts compiled in prior research [5], the authors evaluated the capabilities of four MLLMs using a set of
nine prompts varying in complexity. Across three stages of experimentation, they expanded the scope of data
visualization misleader types from 5 to 21 categories. They employed different prompting techniques (CoT,
dynamic/split CoT, direct JSON/textual output). The authors demonstrate that as the number of misleaders
increases, prompt size grows and requires careful design to maintain prediction efficiency. The results indicate
that MLLMs exhibit potential for chart comprehension and misleading data visualization detection skills [22].

Tonglet et al. [19] and Pandey et al. [20] evaluate the performance of multiple MLLMs QA skills on human
data literacy and critical thinking tests. The two works utilized the VLAT [36] and CAILVI [7] tests, with
Tonglet et al. additionally including the CHARTOM [17] test. Both studies conclude that the evaluated MLLMs
struggle to detect misleading data visualizations in a QA setting. This is particularly relevant as these tasks
implicitly assess a model’s ability to recognize deceptive or misleading elements in visualizations, even without
being explicitly prompted to do so.
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3. Creation of the Synthetic Misleading Data
Visualization Dataset

A well-curated dataset is essential to train models capable of detecting misleading data visualizations. This
chapter introduces the synthetic dataset Misviz Synthetic, which is based on real-world data and designed to
systematically capture a wide range of misleader types. It outlines the dataset creation process, including
the derivation of misleader types, the chart generation pipeline, resulting dataset characteristics, and the
potential limitations.

3.1. Advantages and Drawbacks of Using Synthetic Datasets

While real-world datasets offer the advantage of reflecting the complexity and diversity of naturally occurring
visualizations, they are often time-consuming and expensive to annotate [48]. In contrast, synthetic datasets
allow complete control over parameters such as created chart types and the specific misleaders introduced. This
enables the efficient generation of large volumes of labeled data. However, synthetic datasets also come with
notable drawbacks. They may fail to capture the complexity, imperfections, and noise inherent to real-world
visualizations. Special care must be taken to introduce meaningful variation and realism in the synthetic
charts to address this. Ensuring sufficient diversity is essential to enable generalization beyond the training
domain [48].

3.2. General Requirements

To enable robust training and evaluation of detection models, the synthetic dataset for misleading visualization
detection should fulfill the following general requirements in this work:

* Include both misleading and non-misleading visualizations: This is essential for enabling supervised
learning and meaningful performance evaluation.

* Be sufficiently large: The dataset should support standard machine learning workflows, including
training, validation, and testing phases.

* Cover a broad range of misleader types: While the dataset does not aim to replicate real-world
misleader distributions, it should ensure balanced and comprehensive representation of the selected
misleader types.

1



* Be grounded in real-world data: To enhance the plausibility and authenticity of synthetic visualizations,
the dataset should be generated using data from real-world, open-domain sources that explicitly permit
modification, sharing, and publication. The use of real-world data is assumed to offer the following
benefits:

— Itincreases the alignment of synthetic visualizations with the structural and semantic characteristics
commonly found in real-world visualizations.

- It supports better model generalization by exposing models to realistic data distributions, variability,
and noise.

— It reduces the risk of generating implausible visual patterns that may result from overly simplistic
or artificially constructed data.

* Use a configurable charting framework: All visualizations should be created using a plotting library
that allows fine-grained control over chart elements.

3.3. Choice of Misleader and Chart Types

The synthetic dataset is designed to cover a representative range of chart types and misleader types. The
selection is informed by existing literature on chart taxonomy and misleading data visualizations to ensure
relevance and coverage. The derivation of chart and misleader types closely follows the methodology proposed
by Ge et al. [7].

The misleaders covered in the synthetic dataset are derived from the works of Lo et al. [5] and McNutt et
al. [16], both of which offer comprehensive and in-depth taxonomies of misleaders in data visualizations.

Misleader and Chart Type Derivation Process

The derivation process began by extracting the misleader subcategories proposed by McNutt et al. [16].
These were then merged with misleader types identified by Lo et al. [5], followed by a filtering step to retain
only those that are visually detectable and not solely based on cognitive biases. Cognitive bias is a "[...]
cognitive phenomenon which involves a deviation from reality that is predictable and relatively consistent
across people." [71]. This means that an inherent bias in the viewer, which deviates from reality, distorts the
perception of the data visualization and leads to incorrect reasoning. As an example, the categories Biases in
Interpretation and Base Rate Bias [16] were removed. Similar misleader types were grouped and duplicates
were removed (® in Figure 3.1). For instance, dual axis and truncated y-axis are included in the taxonomy
of both works [5, 16]. An example of grouped misleaders is the summarization of all misleaders under the
category incomplete chart by Lo et al. [5], such as missing title and missing legend, into a single category named
incomplete chart.

Next, misleader types that appear infrequently in real-world examples were excluded. To achieve this,
frequency data from Lo et al. [5] was used, and all misleader types occurring three times or fewer were
discarded. Where misleaders were grouped, their frequencies were summed, and irrelevant or duplicate
entries within the annotated data were removed (® in Figure 3.1). For example, distractive value labels and
inappropriate aspect ratio were removed, as they occurred three times or fewer, making them infrequent.
Lastly, misleaders were excluded if their misleading effects are easily perceivable by viewers, alerting them
that the visualization may not accurately reflect the underlying data. To illustrate, the misleader cluttering
was removed. While this misleader may cause reasoning errors when viewers attempt to read exact values, it
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Figure 3.1.: Overview of the Derivation Process for Chart and Misleader Types in the Synthetic Dataset.
The left section presents the derivation of misleader types included in the dataset, while the right
section shows the derivation of chart types used for synthetic generation. The bottom section
summarizes the implemented misleader and chart types, indicating the specific chart types to
which each misleader is applied.

is assumed that such mistakes are mitigated by the fact that the misleading element is easily recognizable,
making viewers aware that interpreting precise values may be unreliable.

Furthermore, misleaders that require domain-specific knowledge to be identified were excluded (© in
Figure 3.1), as they are difficult to generate automatically without access to external context. For example,
the misleaders dubious data and selective data were removed, as detecting them depends on prior knowledge
of the underlying dataset. As a next step, the chart types to be included in the synthetic dataset were derived,
as misleader applicability often depends on the chart format. Chart frequencies as reported by Lee et al. [36]
and Lo et al. [5] were considered. These chart types were then filtered for those that are straightforward to
generate automatically. Based on the filtered frequency rankings, the top three chart types, bar, line, and pie
charts, were selected to be included (® in Figure 3.1).

The filtered misleaders were then ranked based on two subjective criteria to determine the order of imple-
mentation:

* The estimated implementation effort required to automate the misleader creation.

* The perceived risk of the misleader on user interpretation.

The risk associated with each misleader was estimated based on multiple criteria: its frequency of occurrence
in real-world visualizations relative to all encountered misleading data visualizations [5], the number of
applicable chart types, and a subjective assessment of both the likelihood of causing incorrect reasoning and
the impact of its effect on viewer interpretation. This approach ensures that both high-impact but complex
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misleaders and simple to implement, but less impactful ones are incorporated in the synthetic dataset (®
in Figure 3.1). For example, the misleader misrepresentation occurs frequently according to Lo et al. [5]
and affects all three selected chart types. If unrecognized, the subjectively derived impact is assumed to be
large. Ease of implementation is expected to be of medium difficulty. Considering all factors, the misleading
factor was ranked second. The resulting ranking defines the implementation order. Misleaders were then
systematically implemented for all applicable chart types (® in Figure 3.1). An overview of the implemented
misleaders and corresponding chart types is presented in 3.1 ©. Appendix A.1 provides an overview of the
misleader types implemented and their definitions.

3.4. Technical Implementation

Choice of Real-World Base Data and Charting Framework

As outlined in the general requirements, the misleading data visualizations created in this work are based on
real-world, open-domain datasets. Specifically, this project utilizes data from Our World In Data (OWID) [72]
and TabFact [73]. Both datasets are shared under the Creative Commons (CC) BY license [74], making them
freely distributable and modifiable. OWID is an open-access platform that publishes data-driven research on
global challenges such as health, education, the environment, and economic development [72]. At the time of
writing, the platform provided access to 123 publicly available datasets [72]. TabFact is a dataset designed
for table-based fact verification, containing 16.000 data tables scraped from Wikipedia. These tables and
the OWID datasets form the basis for generating synthetic data visualizations in this work. Misviz Synthetic
is released under the CC BY license [74]. The matplotlib framework [75] is used to generate the data
visualizations, as it ensures reproducibility and meets the general requirements for a highly configurable
charting interface. In particular, its flexibility is essential to support this work’s wide range of chart types and
misleader variations.

Plotting Process

The misleading data visualization plotting process is divided into two main steps. The data column types,
relevant column combinations, and suitable chart types are determined in the first step. In the second step,
the data are passed to misleader plotters, which generate a misleading data visualization if possible for the
given input (see Figure 3.2).

Dividing the process into two steps allows flexibility in chart creation, enabling the reuse of intermediate data
across different plotting frameworks. For example, instead of using matplotlib [75], one could employ
other visualization libraries to create additional data for the synthetic misleading data visualizations dataset.
Each misleading data visualization contains either one misleading factor or none. Two examples of the Misviz
Synthetic dataset can be seen in Figure 3.3.

In more detail, the plotting process begins by identifying a natural key to serve as the primary indexing column
for the input tables. The objective is to ensure that each numerical value in the table can be meaningfully
associated with a unique key. Preference is given to non-numerical and previously identified temporal
columns, as these are more likely to convey semantic structure. In contrast, purely numerical fields often
lacked contextual indicators that identify them as natural key candidates and were less reliable for uniquely
identifying table records. Once a column (or minimal combination of columns) uniquely identifying individual
records is found, it is paired with previously identified numerical columns not contained in the natural key.
If the natural key consists of multiple columns, all but one are conditioned on specific values to produce
meaningful groupings by the remaining variable. This strategy is particularly suited for large-scale datasets
from OWID [72], which commonly include multiple metrics reported over time across different countries.
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Figure 3.2.: Illustration of the Misleading Chart Generation Process. The left panel displays an input table
sourced from the TabFact Wikipedia dataset [73]. In the first processing step, the system extracts
column data types as well as potential column and value combinations. The result is shown in
the center, illustrating one such combination along with a suitable chart title, chart type, and
metadata about the column types. In the second step, this configuration is passed to the misleader
plotters, that generate misleading and non-misleading visualizations based on the original table.
In addition, axis metadata is extracted from coordinate-based data visualizations. The generated
visualizations are shown in the right panel. The bar chart in the foreground includes an inverted
y-axis as a misleading factor, while the chart in the background represents a non-misleading

version of the same data. Additionally, axis data for each chart is extracted during the plotting
process, if applicable.

As an example, a typical schema may contain key columns such as Country, Year, and a tracked metric
(e.g., GDP). If the natural key is Country + Year, holding the year constant (e.g., 2012) yields a bar chart
comparing the selected metric across countries. Conversely, conditioning on the country (e.g., France) results
in a time series showing the evolution of the metric over the years for that specific country, which can be
plotted as a bar or line chart. Following data filtering, a chart title is generated using predefined templates
that incorporate the original table name and the names of the selected independent and dependent variables.
In cases where the original natural key comprises multiple columns, the held constant dimension is also
included in the title to preserve contextual clarity. Example titles include: Original Table Name: GDP per

Year (for Country France) or Original Table Name: GDP per Country (for Year 2012), depending on which key
dimension is held constant.
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Figure 3.3.: Two Examples from the Misviz Synthetic Dataset. The left image shows a line chart containing
the misrepresentation misleader, as the value labels do not correspond to the values when projected
onto the y-axis. The right image depicts a bar chart with a truncated y-axis, making the value on
the right appear disproportionately larger compared to the other values in the chart.
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Suitable chart types are selected based on the column types and the number of records. The resulting filtered
data, along with additional information on column types, applicable chart types, and chart titles, is then saved
as an intermediate step.

In the second process step, each individual extracted data table from the intermediate step is passed to
misleader plotters, which introduce the misleading factors into a data visualization. Each misleader plotter
filters by chart type and misleader-specific conditions the data must satisfy. The visual appearance of each
misleading chart is further diversified through randomized parameters, including background color, axis label
positions, and tick styles (see Appendix A.4 for an extensive list). For each generated visualization, both
the manipulated data table and the corresponding axis metadata are stored in .csv and . json formats,
respectively. Overall, the final dataset contains 83.038 data visualizations.

3.5. Dataset Metadata

No Misleader [ 18109
Inverted Y-Axis | 11981
Non-Linear Y-Axis | 10838
Inconsistent Tick Intervals | 10348
Inappropriate Item Order
Misrepresentation
Inconsistent Binning Size
Inverted X-Axis
3d
Inappropriate Use Of Line Chart -:l 2212
Inappropriate Use Of Pie Chart 1914
Truncated Y-Axis 1609
Inappropriate Accumulation 1224
Chart Types
Dual Axis || 1217 BN Bar Chart
. . Line Chart
Inappropriate Axis Range -l:l 1053 E Pio Chalk
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Count

Figure 3.4.: Distribution of Chart Visualizations per Label. Counts of misleader types and relative fractions
across chart types.

The Misviz Synthetic dataset contains 14 different misleading chart types and a category representing charts
without misleaders. The most frequent category is no misleader, followed by commonly occurring distortions
such as inverted y-axis, nonlinear y-axis, and inconsistent tick intervals. Less prevalent misleaders, such as
dual axis and inappropriate axis range, appear in smaller numbers due to their limited applicability across the
available tables. Bar, line, and pie charts are represented across the dataset. However, certain misleaders are
restricted to specific chart types (e.g., inappropriate use of pie chart and inappropriate use of line chart). An
in-depth overview of the distribution of misleaders and chart types can be seen in Figure 3.4.

The Misviz Synthetic dataset is divided into training, validation, and test splits to facilitate training, evaluation,
and hyperparameter tuning. The training set contains 77.038 samples. An additional subset of 15.000
examples (Train Small), drawn from the training set, is provided for faster prototyping. The validation and
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test sets include 2.000 and 4.000 samples, respectively, leading to a total of 83.038 chart images. A stratified
split ensures a similar distribution across all subsets. For additional information on the data plotting process,
conditions under which misleaders are introduced, and further data visualization examples, see Appendix A.3
and A.2.

3.6. Limitations of the Misviz Synthetic Dataset

Despite efforts to ensure comprehensive coverage of misleading data visualizations, several limitations remain.
Due to the complexity of introducing multiple misleader types, the dataset consists only of visualizations
containing a single misleader type per chart. In contrast, real-world data visualizations often contain multiple
misleading factors per chart.

Additionally, pie charts are underrepresented, accounting for only about 7% of the total dataset. This is
primarily due to the difficulty of automatically identifying semantically valid part-of-whole relationships
in structured tables. A rule-based extraction method was used to identify candidate columns for pie chart
generation. To address this issue, synthetic data usage can be explored, or additional real-world data suitable
for pie charts must be collected.

Not all misleading visualization types could be implemented to their full extent. For instance, the inappropriate
axis range misleader is currently limited to cases where the axis is too narrow. At the same time, overly
broad axes, although potentially misleading, were not addressed because reliably identifying them requires
contextual reasoning that is difficult to automate.

The dataset is also constrained by the capabilities of the matplotlib library for chart rendering. Some chart
types, such as 3D line charts or 3D pie charts, could not be generated due to library limitations. Furthermore,
several chart types and variants commonly used in practice, such as horizontal bar charts, stacked bar charts,
donut charts, and geographic maps, were not included in the current version of the dataset. However, the
intermediate output from the initial data processing already includes structured data suitable for these chart
types, indicating that the dataset could be extended in this direction through future work. In addition,
expanding the dataset to include charts generated with libraries beyond matplotlib could enhance the
visual diversity of the synthetic data and better reflect the variety of styles observed in real-world visualizations.

Another limitation relates to chart titles. Titles were generated using predefined templates incorporating
column names and filters derived from the natural key approach. While this ensures consistent formatting,
the resulting titles are often verbose and complicated, especially when original table or column names include
parenthetical characters. For instance, a title such as “Share of employment in the financial sector (GGDC,
2017): Share of workers in financial sector by Year (for Entity South Korea)” lacks natural readability and
fluency. Future work could explore more flexible and adaptive title generation, for example, through the use
of LLM to produce more concise and readable titles. Because the underlying data is predominantly in English,
most of the generated charts and title templates are likewise in English, constituting a further limitation of
the dataset.

While the synthetic dataset provides a more balanced representation of the included misleaders which supports
practical training and systematic evaluation, it does not reflect the actual frequency distribution of misleading
chart types.
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4. Experiments and Results

This chapter presents a series of experiments that evaluate the effectiveness and generalization capability of
models trained to detect misleading data visualizations. The experimental pipeline consists of three sequential
stages, each building on insights from the previous one.

In Stage 1, an ablation study is conducted to assess the contribution of different input features, namely the
chart image, ground truth axis metadata, and the ground truth underlying data table, to the performance of a
classification model. All models in this stage are trained on the training split of the Misviz Synthetic dataset.

Based on these findings, the two best-performing vision encoder models are selected for further evaluation in
Stage 2. Here, the selected configurations are retrained on the small training subset of the synthetic dataset.
In contrast to Stage 1, axis metadata is no longer taken from the ground truth data but is extracted directly
from the chart image using Axis-DePlot, a custom-trained DePlot-based [42] axis extractor, approximating a
real-world scenario where the raw image is the sole input source. The model is evaluated using the test set of
Misviz Synthetic.

In Stage 3, the trained models from Stage 2 are evaluated on the real-world Misviz test set to assess their
ability to generalize beyond synthetic data and perform in realistic, previously unseen scenarios.

To summarize, the experiment stages are structured as follows:

* Stage 1: Ablation Study on Input Features
* Stage 2: Training under Realistic Input Conditions

* Stage 3: Evaluation on Real-World Charts

Together, these experiments form a stepwise evaluation pipeline that investigates the role of input features
in model performance RQ1, the capacity to train models using realistically available inputs RQ2, and the
potential for generalization from synthetic to real-world data RQ3.

4.1. Ablation Study on Input Features

The first stage of the experimental pipeline addresses RQ1, investigating the contribution of different input
features to the task of detecting misleading data visualizations. Specifically, this ablation study evaluates how
combinations of chart image features, axis metadata, and underlying data table representations can affect
classification performance in detecting misleading data visualizations. By systematically enabling and disabling
individual input components, the goal is to determine which features are most informative for the detection
task. For this purpose, the Misviz Synthetic dataset is utilized to train and evaluate the models. The ground
truth axis metadata and underlying data included in the synthetic dataset are utilized in the experiments.
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This stage provides the foundation for subsequent experiments by identifying the best-performing model
configurations for Stage 2 training.

4.1.1. Classifier Model Architecture
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Figure 4.1.: Ablation Study Training Architecture. A vision model encodes the chart image, while optional
axis and data components are encoded using TaPas [76]. The resulting embeddings are concate-
nated and passed to a classification head for prediction. Snowflakes indicate that the component
is frozen during training while the fire icon indicates that the component is actively trained.

Model Name Vision Encoder Architecture Max Input Size #Parameters
CLIP [77] ViT-L/14 [53] 336x336 304M
SigLIP [78] SoViT-400m/14 [54] 384x384 428M
DePlot [42] ViT-B/16 [53] - 282M
UniChart (ChartQA-960) [62] Swin Transformer [55] 960x960 201M
TinyChart-3B-768 [65] SoViT-400m/14 [54] + ToMe [79] 768x768 428M

Table 4.1.: Models Used in Vision Encoder Evaluation. The table includes model architectures, input
resolution constraints, and parameter counts. The DePlot encoder differs from the other vision
encoders in that its maximum image input size is limited by the number of input image patch
tokens rather than a fixed resolution.

All ablation study configurations use a fixed architecture with a multi-class classification head. The image
input is always included, while the axis and data components are added in different combinations (see
Figure 4.1). A vision encoder extracts image representations from the chart image and is included in all model
configurations. Axis and table inputs are optionally added, depending on the specific configuration, and are
exclusively encoded using the TaPas model tapas-large-finetuned-wtq [76], with the [CLS] token
serving as their output representation. The outputs from all components are concatenated and passed to a
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classification head implemented as a Multi-Layer Perceptron (MLP). Five vision encoders are evaluated across
all configurations, each using mean sequence pooling to obtain a fixed-length image representation. To ensure
broad coverage of vision models relevant to chart understanding, both general-purpose and chart-specific
encoders are considered. Among the general-purpose models used in this work are CLIP [77] and SigLIP [78],
which are widely adopted in MLLMs for chart reasoning tasks [60, 64, 66, 80]. In addition, chart-specialized
encoders, such as those used in DePlot [42], UniChart [62], and TinyChart [65], are included to represent
models fine-tuned or explicitly developed for chart-related data. TinyChart applies Token Merging (ToMe),
which dynamically merges similar tokens during inference to downsize input size and speed up transformer-
based models, with minor impact on accuracy [79]. Combinations of multiple encoders or vision towers are
not considered in this work [64, 65, 67, 81]. All used vision encoder models and additional information can
be seen in Table 4.1.

4.1.2. Model Training

All vision and table encoders remain frozen during training. Only the MLP-based classification head is updated.
For each of the five vision encoders, four input configurations are tested (see Section 4.1), differing in the
inclusion of axis metadata and the underlying chart data:

* Image only
* Image + Axis metadata
* Image + Chart data

* Image + Axis metadata + Chart data

It is important to note that the axis metadata and underlying table data are not extracted from the chart
image. Instead, the ground truth data from the synthetic dataset is used. The training data is augmented
with variations in rotation and perspective. All models were trained over 300 epochs with early stopping
enabled. A batch size of 256 and the Adam optimizer [82] with a learning rate of 5 x 10~ was used for
training. The loss was weighted by the misleader frequency. The trained MLP has the input dimensions of the
concatenated input features, a hidden dimension of 1.024, and an output dimension equal the number of the
misleader labels. Each model configuration was trained with three different random seeds, and for each, the
best-performing model on the validation set of Misviz Synthetic was chosen for evaluation.

4.1.3. Evaluation

Model performance is evaluated on the test split of the Misviz Synthetic dataset. To assess the effectiveness of
each configuration in detecting misleading data visualizations, the macro-averaged Fj score is used as the
primary evaluation metric. The F; score, computed as the harmonic mean of precision and recall, provides
a balanced measure of a model’s performance by accounting for both false positives and false negatives. In
the multi-class setting, macro averaging computes the F; score independently for each class. Then it takes
the unweighted mean, treating all classes equally, regardless of their frequency in the dataset. This choice is
relevant in the context of this work, as not all misleader types are represented in the same quantity in Misviz
Synthetic. Macro F} therefore ensures that performance on minority classes, such as dual axis or inappropriate
axis range, is not overshadowed by more common classes. The F} score for a single class is given by:
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Precision - Recall
F=2 1
! Precision + Recall (4.1)

Precision and recall are defined as:

TP TP
Precision = ———— l=——— 2
recision TP+ FP’ Reca TP+ FN 4.2)

Consequently, the macro-averaged F} score is calculated as follows:

Q|

c
1 i
Frece — — N gl (4.3)
i=1

where C denotes the number of classes and Fl(i) is the F} score of the i-th class.
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Figure 4.2.: Ablation Study Inference Architecture. The architecture mirrors the training setup: A vision
model encodes the chart image, and optional axis and data components are embedded using
TaPas [76]. Embeddings are concatenated and passed to a classification head for prediction.
During evaluation, inputs are drawn from the Misviz Synthetic test split.

Similar to the training phase, the ground truth underlying data and ground truth axis metadata are used (see
Figure 4.2). In the following sections, all reported F} values refer to the macro-averaged Fj score unless stated
otherwise. In addition, the standard deviation of the F"#“ score is reported for each model configuration,
based on the best-performing model from each of the three random seeds, to account for training variability.

21



4.1.4. Hypotheses

This experiment explores how different input features and vision encoder model types might affect the
detection of misleading data visualizations. It is hypothesized that models incorporating underlying chart data
are expected to perform better, benefiting from direct access to the original numerical values. Furthermore,
models that include axis metadata are expected to outperform those relying solely on the underlying data
or visual representation, as axis elements are often directly manipulated in misleading visualizations (e.g.
truncated y-axis, inconsistent tick intervals). It is also hypothesized that chart-specific vision encoders, designed
or fine-tuned for structured chart data, will outperform general-purpose encoders due to their specialized
training on domain-relevant patterns and semantics.

4.1.5. Results
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Figure 4.3.: Ablation Study Results. The x-axis shows the base vision encoder models used, and the y-axis
shows the macro-averaged F} score. Each bar represents the macro-averaged F over three runs
with different random seeds, with the standard deviations shown on top of the bars. The gray
dashed line represents the random baseline.

The results show improvements in F; performance when axis metadata is incorporated as input to the classifier
head, while the inclusion of underlying chart data yields only marginal improvements. Models based on the
TinyChart vision encoder [65] achieve the best performance across all configurations, with all four trained
variants surpassing other encoders in their respective configurations. The highest-performing model overall
uses the TinyChart vision encoder with integrated data and axis metadata. It achieves a best single-run £
of 0.876, with an average F["*“° of 0.870 across three independent runs. The second-best model uses the
TinyChart vision encoder with axis metadata and image representation, achieving a best single-run £y of
0.867 and an average of 0.858 across three independent runs. In contrast, CLIP-based models [77] exhibit the
lowest performance among all configurations tested.

To better understand where these improvements occur, a per-class analysis was conducted. Comparing the
per-class F} score differences between the best encoder-only model (TinyChart) and the best model using
both encoder output and axis metadata (TinyChart + ground truth axis metadata) shows that the addition
of the axis metadata leads to improvements across almost all misleader types. The most substantial gains
were observed for misleaders that directly manipulate axis properties, with the most significant improvements
observed for inappropriate axis range (+0.187), nonlinear y-axis (4+0.080), inconsistent intervals (+0.135),
inverted x-axis (+0.098), inverted y-axis (4+0.052), inappropriate item order (+0.066), and no misleader
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(+0.093). These results highlight consistent gains from incorporating axis metadata into the classification
model.

While models relying solely on the vision encoder output already achieve strong performance, they perform
worse on misleader types that require information on the axis. The worst class-based F; scores can be observed
for the misleader classes truncated y-axis, inappropriate axis range, inconsistent tick intervals, and nonlinear
y-axis. All classes show considerable improvements once the axis metadata is included.

Chart-specific vision encoders do not show a significant advantage over general-purpose encoders. The SigLIP
vision encoder [78] consistently outperforms the vision encoder of both the DePlot [42] and Unichart [62]
model, despite both being designed explicitly for chart domain tasks.

4.1.6. Interim Conclusion

The results of the ablation study provide insights into RQ1: Which feature of a chart (the image itself, the axis
metadata, or the underlying data table) contributes to the detection of misleading factors? The findings show
that while vision encoders offer a strong baseline for detecting misleading elements, they often lack explicit
structural information, particularly axis-related cues. This becomes evident in misleader types involving axis
manipulation, such as inappropriate axis range and inconsistent tick intervals, where adding axis metadata
consistently improved model performance across all configurations. In contrast, the underlying data table
offered limited benefits once axis metadata was included, suggesting that the visual or axis features already
capture most relevant signals for the detection task.

The results also challenge the initial assumption that chart-specific vision encoders universally outperform
general-purpose vision encoders. While the encoders of chart-specialized models such as TinyChart [65]
achieved the best results overall, general-purpose encoders like SigLIP [78] outperformed the vision encoders
of chart-focused models such as DePlot [42] and UniChart [62] in several settings. This suggests that the
pretraining of the general-purpose models on large-scale visual data may already impart a degree of awareness
of chart structure.

That no improvement can be seen for the misleader truncated y-axis when adding the axis information can be
attributed to the fact that approximately 50% of the bar charts in the dataset do not have a y-axis plotted, but
solely the x-axis. As a result, models must rely on visual cues, such as the proportional differences between
bars, rather than explicit axis information to detect truncation. In contrast, the inappropriate axis range
misleader, which in the context of the synthetic dataset only affects line charts where y-axes are always present,
shows a substantial performance increase when the axis metadata is included. However, this also highlights
that the image representations alone lack structural knowledge of the chart in cases where the y-axis is absent,
limiting the model’s ability to detect axis-based misleaders without the y-axis information.

The top-performing models, which combine the TinyChart encoder with both axis metadata and chart data,
achieved a macro-average F; score of 0.870. A nearly identical performance was observed when using only
the axis metadata and image features (F]"*“"° = 0.858), reinforcing the importance of explicitly incorporating
axis features when addressing misleading chart detection tasks.
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4.2. Training under Realistic Input Conditions

Based on the results of the ablation study, model variants incorporating both vision encoder image rep-
resentations and axis metadata are selected for further training, as including axis metadata substantially
improved the detection of misleading data visualizations. In this stage, the classifier is extended to extract
axis information directly from the chart image, replacing the ground truth axis metadata employed in the
previous stage. To enable this, a new model called Axis-DePlot is developed by fine-tuning DePlot [42] for
axis metadata extraction. The two best-performing vision encoders from the previous stage, TinyChart and
UniChart, are used. In addition, the vision encoder component of Axis-DePlot is evaluated in the same setup to
compare its learned image representations. To assess the effect of the extracted axis metadata as an additional
component in the classifier, a baseline model using only the visual encoder is included, allowing for comparison
in cases where axis extraction may introduce errors. As before, the Misviz Synthetic dataset is used to train the
resulting models, with the difference being, that not the ground truth but the extracted axis metadata is used.
Configurations incorporating underlying chart data are omitted at this stage, as they comparatively yielded
only marginal improvements in the ablation study.

4.2.1. The Axis-DePlot Axis Extractor

eq | Axis | Label | Relative Position
| 1980 | 0.0
| 1985 | 1.0
| 1990 | 2.0
| 1995 | 3.0
X | 2000 | 4.0
| 2005 | 5.0
| 2010 | 6.0
yi | @ | 0.0

PN U BAWN RO

P d £
Zm

Misviz Synth Input Image Axis Info Table

Figure 4.4.: Depiction of the Axis-DePlot Axis Metadata Extraction. The model extracts axis metadata from
chart images to replace ground truth information used in previous training stages. Only a subset
of the axis metadata is shown.

Unlike in the ablation study, axis metadata is unavailable at inference time for the task of detecting misleading
data visualizations. Therefore, the axis information must be extracted automatically from the chart image. A
fine-tuned variant of the DePlot model [42] is employed to address this. Initially developed for chart-to-table
data extraction, DePlot is a lightweight model well-suited for axis extraction due to its prior training on
chart-related data. DePlot is initialized from MatCha [61], a vision-language model designed for mathematical
reasoning over visual inputs, which itself is initialized from Pix2Struct [83], a model trained on image-text pairs
from infographics and websites to learn visual grounding for structured outputs. Building on this foundation,
a new model called Axis-DePlot is trained to extract axis tick labels and their relative positions directly from
chart images.

Axis-DePlot Table Format

In DePlot, the output is a markdown-formatted text sequence, where "|" separates individual cells and "\n"
separates rows [42]. For axis extraction, the output of the base DePlot model is modified. The axis metadata
table produced by the fine-tuned DePlot model consists of a structured sequence of axis tick entries, where
each row represents a single tick mark extracted from the chart image. The table includes the following four
columns:
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* Seq: A sequential index indicating the order in which tick marks appear along a given axis. Tick indices
are read out from bottom to top for vertical axes and from left to right for horizontal axes.

* Axis: A categorical label specifying the axis to which the tick belongs (e.g., X, y1, or y2 in the case of
dual axis charts).

* Label: The textual or numerical value associated with the tick, extracted directly from the chart (e.g.,
1950, 50000 or France).

* Relative Position: A normalized float indicating the tick’s position along the axis. The spacing between
the first two detected ticks (from bottom-to-top for y-axes and left-to-right for x-axes) is set to 1.0, and
all subsequent positions are expressed relative to this reference distance.

A partial example of the axis extraction output table format is shown in Figure 4.4.

Training of Axis-DePlot

The axis metadata extraction model was trained on the large training split of the Misviz Synthetic dataset. To
improve the model’s sensitivity to varying tick intervals and step sizes, an additional 3.500 synthetic chart
images were generated using matplotlib [75], designed to introduce diverse axis spacings. The model was
initialized from the pretrained DePlot checkpoint.

Training was conducted on a distributed setup with two NVIDIA H100 GPUs and ran for four epochs using a
batch size of 8 and a target sequence length of 1024 tokens, twice the default output length of 512 tokens
from the original DePlot configuration. The Low-Rank Adapter (LoRA) [84] method was applied to the query
and value projection layers with a rank of 16 to support memory-efficient training.

To improve generalization, input images were augmented with random rotations and perspective transfor-
mations. Although the Pix2Struct model [83], on which DePlot is based on, was trained using the AdaFactor
optimizer [85] with weight decay (10~°), linear warm-up to a peak learning rate of 0.01, and cosine decay,
this configuration led to divergence during fine-tuning of Axis-DePlot. As a result, the Adam optimizer [82]
with a constant learning rate of 5 x 10~° was used instead, resulting in stable convergence during fine-tuning.

Evaluation of Axis-DePlot

To evaluate the similarity between the predicted table output of the Axis-DePlot model and the ground-truth
tables, a metric derived from the Relative Mapping Similarity (RMS), as proposed by Liu et al. [42], is used.
RMS treats tables as unordered collections of mappings from row and column headers to corresponding values.
In RMS, each entry in the predicted table P = {p;}}¥, and target table T = {¢; }jj‘il is represented as a triplet.
For the axis extraction task, the tuple is expanded to contain four elements instead of three, to reflect the new
table structure:

_¢.seq _axis , label _ rel dist _ /,8eq Laxis ,label ,rel dist
pz_(pz D D; » D; )7 t]_(t] 7tj atj atj )7

where p;°9, tj-eq denote the sequence number of the record, p%, t?’ds the axis on which the tick can be found,

. . o [ dist rel dist
pi®el, 12l the respective axis labels, and the relative distance p; =", £;"=*".

Similarities of cell content with text is measured using the normalized Levenshtein distance, denoted as
NL,(a,b) = min(1,NL(a, b)), where a and b are strings formed by concatenating row and column headers.
Numerical similarity is computed using a relative distance with threshold ¢. Distances above 6 are set to the

maximum of 1:
o llp — |
Dy(p,t) = min ( 1, I .
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The combined similarity between entries p; and ¢; is defined as:

D7-70 (pi, tj) _ (1 —NL, (pzequ?xis’ t;eth;lxis)) . (1 _ (a . S(piabel, t;abel) + (1 . a) - Dy (pgel_dist’ t;el_dist)))’

with S(piabel, label) defined as follows:

;e label 5 :
IS (plabel tlabel) _ 1[p£ab"—17étlj?b61] if p;°¢ is numeric
Y - A . .
b NL (pjabel, glabel) if plabel js a string

Here, string concatenation is denoted by ||. The similarity score approaches 1 when the predicted and
ground-truth rows are highly similar, and 0 otherwise. When comparing numerical labels, exact matches
are required. Even small deviations can prevent detection of misleaders. For example, in misleaders such as
inappropriate item order or inconsistent intervals, a single misread character can lead to an incorrect extraction.
If numeric labels do not match exactly, the prediction is considered incorrect, and the similarity value is set to
1, penalizing the score.

In contrast, relative distances between ticks are evaluated more leniently, as they are intended to capture
structural properties such as varying step sizes. The weighting factor a = 0.8 is chosen to emphasize the
correct extraction of labels over precise relative distance between ticks.

Following the RMS approach, a similarity matrix of dimensions N x M is constructed using the cost function
(1—NL, (p;*||p™s, £ |¢3)). The optimal assignment between predicted and target entries is then computed

using minimum cost matching, resulting in an assignment matrix X € RV>*M_ In this adaptation, the Seq and
Axis columns are used as structural identifiers in place of the row/column headers in standard RMS. This
matching approach provides robustness to missing or extra entries in the predicted axis metadata output.

Precision and recall scores are then computed as:

N M

1
RN[Sprecision =1- N Z; Z; Xij DT,Q(pia tj),
i=1 j=

N M
1
RMSecan = 1 — M Zl Zl Xij D7'79(pi7 tj)a
i=1 j=

And accordingly, the F; score can be computed:

2- RMSprecision : RN[Srecall

RMSpg, = .
! RMSprecision + RMSrecall

A relative distance threshold of § = 0.2 is used to allow for small deviations in tick position predictions. For
string comparisons, the normalized Levenshtein distance with a threshold of 7 = 0.2 is applied to tolerate
minor label variations. The test set of Misviz Synthetic is used to evaluate the axis extraction performance of
Axis-DePlot.

Fine-tuning Results

The model achieves an average modified RMSr, score of 90.27%, with a standard deviation of 26.52 percentage
points. The main source of variation lies in the predictions for pie charts, where the model often hallucinates
values instead of producing no output. This behavior is likely linked to the imbalance in the training data,
pie charts account for only around 7%, as the original DePlot model was not explicitly trained to suppress
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predictions for pie charts. However, the performance on line and bar charts is consistently high. The average
inference time per image on the synthetic dataset is approximately 12 seconds if run on a NVIDIA A100 GPU
with 40GB RAM, depending on the amount of axis metadata that needs to be extracted.

Revisiting the Ablation Study with Axis-DePlot
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Figure 4.5.: Ablation Study Revisited Results. Comparison of ablation study results using the vision encoder
from Axis-DePlot against the original five models. The Axis-DePlot encoder achieves marginal
improvements in macro-averaged F score across all but one input configuration. The gray dashed
line represents the random baseline.

To see how well the vision encoder chart representations of Axis-DePlot capture relevant information for
classifying misleading data visualizations, the ablation study was repeated using the fine-tuned vision encoder
from Axis-DePlot. The results indicate that Axis-DePlot achieves marginally improved performance over the
original DePlot model across three out of four configurations (see Figure 4.5). Models using the Axis-DePlot
vision encoder also show improved performance when provided with explicit axis metadata.

4.2.2. Classifier Model Architecture

The model employed to detect misleading data visualizations using only the chart image as input leverages a
similar architecture as seen in the ablation study. However, instead of relying on ground-truth axis metadata,
the Axis-DePlot model is employed to extract the axis information from the input chart images (see Figure 4.6).

4.2.3. Training of the Classifier

The classifier is trained on the small training split of the Misviz Synthetic dataset to reduce the computational
overhead associated with axis metadata inference. The training configuration follows that of the ablation
study, with the exception of the maximum number of epochs, which is increased to 500 to account for the
reduced training set size.

4.2.4. Evaluation

The classifiers based on the two best vision encoders from the ablation study and the Axis-DePlot encoder are
evaluated on the test split of the Misviz Synthetic dataset. The best-performing model for each configuration
is selected based on the validation set. For comparison, this work evaluates two open-source SOTA MLLMs
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Figure 4.6.: Training and Inference Architecture. The left diagram shows the architecture used during
training, while the right illustrates the architecture at inference time. As before, the vision model
encodes the chart image, and optional axis and data components are embedded using TaPas [76].
Compared to the ablation study, the axis data is now extracted from the input image using
Axis-DePlot. All outputs are concatenated and passed to a classification head for prediction.

Qwen2.5-VL-7B-Instruct[13] and InternVL2.5-8B[14], both of which are among the best-performing publicly
available models in the 7-10B parameter range. These models are prompted in a zero-shot setting to classify
the same test set. While larger multimodal models such as GPT-4V [70] or Claude Sonnet 3.7 [86] may offer
higher performance, they are closed-source and were excluded to ensure a fair and reproducible comparison.

Each MLLM receives a description of all possible misleaders and must assign a single label to each chart
image (for full prompt text, see Appendix B.1). No CoT prompting is used. Additionally, a random classifier
is included as a baseline. All models are evaluated using the macro-averaged F score (F"3“°) to ensure
consistent performance comparison.

4.2.5. Hypotheses

The inclusion of extracted axis metadata is expected to yield a performance improvement over models that
rely solely on the encoded image features. Additionally, the models trained on the small training split of Misviz
Synthetic are hypothesized to outperform the MLLM baselines. The MLLMs are expected to outperform the
random baseline.

4.2.6. Results

The results in Figure 4.7 show that models trained on the synthetic data outperform the MLLMs by a large
margin. The F["° scores for both MLLMs are only slightly above the random baseline. All models trained on
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Figure 4.7.: Macro-Averaged F; Score Comparison across Models and Configurations on the Misviz
Synthetic Test Set. The figure shows the mean performance on the test set of the Misviz Synthetic
dataset, with macro-averaged F; scores computed over three independent runs. The gray dashed
line represents the random baseline.

the small training split of the synthetic data and utilizing the Axis-DePlot axis extractor outperform the vision-
encoder-only configurations. The best-performing model combines the TinyChart vision encoder with extracted
axis metadata and achieves a F]"?“ score of 0.782, with an average of 0.871 across three independent runs.
A breakdown of class-wise F} scores (see Appendix Table B.2) indicates high performance on visually distinct
misleaders, including 3D (F; = 1.000), inverted x-axis (F7 = 0.910), dual axis (F; = 0.983), and inappropriate
use of line chart (F; = 0.976). In contrast, lower scores were observed with truncated y-axis (F; = 0.559) and
inappropriate use of pie chart (Fy = 0.526). All 15 classes achieved non-zero performance, including subtler
misleaders like nonlinear y-axis (F; = 0.798) and inappropriate axis range (F; = 0.792), indicating robust
detection across a diverse range of misleaders.

4.2.7. Interim Conclusion

The results of this experiment support the hypotheses and provide an affirmative answer to RQ2: Can a
trained model detect misleading data visualizations? Classifiers trained on the synthetic dataset outperform
the evaluated MLLMs baselines, which achieve F["“ scores only marginally above the random baseline.
This suggests that models explicitly trained for the task, using labeled synthetic data, are better suited for
detecting misleading visualizations in this setting than general-purpose MLLMs applied in a zero-shot fashion.
Across all configurations, models that incorporate extracted axis metadata consistently outperform their
vision-encoder-only counterparts, highlighting the relevance of axis metadata for the classification task. This
trend is reflected in the best-performing model, which combines the TinyChart vision encoder with axis
metadata extracted via Axis-DePlot, achieving an average F["" score of 0.782. Class-wise results indicate
strong performance on visually distinctive misleaders such as 3D, inverted x-axis, and dual axis, while lower
scores on categories such as truncated y-axis and inappropriate use of pie chart suggest that more subtle or
numerically driven misleaders remain more challenging. Overall, these findings indicate that trained models
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leveraging vision encoders can detect a diverse range of misleaders in data visualizations under controlled
conditions, particularly when supported by axis metadata extraction.

4.3. Evaluating Generalization to Real-World Misleading Data Visualizations

The classifiers trained on the small synthetic train split in Stage 2 (Section 4.2) are now evaluated on
real-world misleading data visualizations to assess their ability to generalize beyond the synthetic data.
The best-performing checkpoint for each configuration and random seed is selected individually based on
performance on the Misviz validation set. The classifier architecture remains identical to the setup described
in Figure 4.6.

4.3.1. Evaluation

To assess performance in real-world scenarios, the models are evaluated on the test split of the real-world
Misviz dataset instead of the Misviz Synthetic test set. The Misviz dataset provides an extensive collection of
annotated real-world charts that share a subset of labels and chart types with the synthetic dataset. This
partial overlap enables an assessment of model generalization from synthetic to real-world data under realistic
conditions.

Model performance is measured using the F{"“'° score, with mean and standard deviation computed across
three seeds. While the labeling schemes of Misviz Synthetic and Misviz largely overlap, specific differences
exist. To ensure comparability, the synthetic dataset labels are mapped to the corresponding real-world labels
(see Appendix B.3 for details). Accordingly, the out-of-distribution (OOD) rate is reported to account for
mismatches where certain classes from Misviz Synthetic do not appear in the real-world Misviz dataset.

Since the Misviz dataset allows for multiple misleaders per chart, but the trained classifiers are designed for
multi-class (single-label) prediction, a simplified evaluation strategy is adopted: if the model predicts one of
the annotated misleaders, it is considered correct. Otherwise, the misleader with the lowest loss among the
ground truth labels is selected as the prediction for that instance. In addition, all chart types not contained in
Misviz Synthetic, namely scatter plots, maps, and the other category, are removed from the test set. The same
is done for not covered misleaders: The misleader discretized continuous variable is removed from the test set
for evaluation.

4.3.2. Hypotheses

The hypothesis is that models trained on the synthetic training set outperform MLLMs when classifying
real-world misleading data visualizations. It is hypothesized that even on the real-world data, the additional
axis metadata provided will lead to better performance than the vision encoder-only model. However, it is
expected that the models will not achieve comparable results to the evaluation on the test set of the synthetic
data, as the real-world data likely includes greater feature variance.

30



1.0
v 0.8 1
—_
o
@
7, 0.6 1
[V
(]
D 0.4 4
2 0.
!CTJ =3 < o n n
o o 2 g 5 58 -
< 0.2 1 ] ) oo S S So__S
oo L 0 | | —

Qwen2.5-VL-7B-Instruct InternVL2.5-8B Axis-DePlot unichart-chartga-960 TinyChart-3B-768

[ MLLM Zero-Shot without CoT
3 MLP Classifier on Vision Encoder Output of Model
I MLP Classifier on Vision Encoder Output of Model + Axis Extraction via fine-tuned Axis-Deplot Model

Figure 4.8.: Macro-Averaged F; Score Comparison across Models and Configurations on the Misviz
Test Set. The figure shows the mean performance on the test set of the Misviz dataset, with
macro-averaged F scores computed over three independent runs. The gray dashed line represents
the random baseline.

4.3.3. Results

Figure 4.8 presents the macro-averaged F} scores for evaluation on the Misviz real-world test set. Classifiers
trained on the synthetic dataset achieve only modest generalization performance, with most configurations
scoring slightly above the random baseline.

Both TinyChart encoder based configurations, with and without the axis metadata extracted via Axis-DePlot
achieve the best results with the average macro-F} score being 0.185. The overall best model solely utilizes the
vision encoder and achieves a macro-F} score of 0.188, beating the model with axis metadata which achieves
a score of 0.187. Models incorporating extracted axis metadata outperform their encoder-only counterparts in
two out of three configurations, achieving comparable performance in the third. Appendix Table B.3 reports
the class-wise F} scores for the best-performing model configuration.

Model Encoder Only With Axis

UniChart 4.72% +£0.26%  13.13% £+ 1.09%
TinyChart 19.02% +2.89%  20.94% £ 0.45%
Axis-DePlot  20.06% + 0.67% 18.51% 4+ 0.26%

Table 4.2.: Mean OOD Rate + Standard Deviation across the Three Best-Performing Models (One Selected
per Seed) for each Vision Encoder and Model Configuration. For the MLLMs, no OOD predictions
occurred, as the prompts were restricted to misleaders covered by Misviz.

The model performance is similar to the MLLM baselines. The InternVL2.5-8B model outperforms Qwen2.5-VL-
7B-Instruct and achieves results comparable to the trained classifiers. Notably, while the best trained classifier
slightly exceeds the performance of InternVL2.5-8B, it exhibits a high OOD rate of approximately 20%. This
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suggests that although synthetic training can match or slightly surpass general-purpose vision-language models
on some classes, domain transfer remains a significant challenge.

In addition, Table 4.2 reports the average OOD rate and standard deviation for each vision encoder across
both the encoder-only and axis metadata configurations, with values ranging between approximately 4.7%
and 20.9% depending on the model.

4.3.4. Error-Analysis

To understand the limited generalization to real-world data, an in-depth error analysis was conducted on
the two best-performing trained classifiers on the Misviz real-world dataset. The primary aim was to identify
and analyze mismatches between the feature distribution of the synthetic dataset and the natural variability
present in the real-world dataset. Misclassifications were grouped by their actual and predicted class labels,
sorted in descending order of frequency, with potential causes of misclassification manually annotated. In
total, 113 images across 27 different mismatch pairs were analyzed. Common sources of error emerged:

Missing Chart Variants
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Figure 4.9.: Examples of Chart Variations Not Covered by Misviz Synthetic. Left: A pie chart containing
two misleaders: the slices misrepresent the value labels, and the chart is rendered in 3D. Right: A
horizontal bar chart. The synthetic dataset does not include pie charts in 3D and horizontal bar
charts.

A considerable number of misclassifications appear to stem from chart type variations that are not represented
in the synthetic dataset. These include horizontal bar charts, stacked bar charts, 3D pie charts, and other
complex three-dimensional chart variations. While basic 3D bar charts are included in Misviz Synthetic, more
diverse 3D bar chart variants, such as those rendered from different viewpoints or with perspective distortions,
are not covered. In addition, donut charts, dual axis charts with heterogeneous encodings (e.g., bar and
line combinations), and non-standard representations (such as human silhouettes or real-world objects) are
absent from Misviz Synthetic. Among the misclassified examples, 3D pie charts and horizontal bar charts
were frequently observed, suggesting a clear distributional gap between the training and real-world datasets
(see Figure 4.9). Although 3D bar charts were included during training, they were occasionally misclassified.
This may be attributed to the limited diversity of synthetic 3D bar charts, which were rendered from a single
viewpoint and thus failed to capture the full range of possible visual perspectives.
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Figure 4.10.: Examples of Visual Noise and Layout Discrepancies. Left: A horizontal bar chart exhibiting
misrepresentation. Right: A 3D pie chart introducing distortion. In both cases, the chart occupies
only part of the image and is surrounded by significant visual noise.

Real-world test images from the Misviz dataset often contain complex visual characteristics that are not present
in the synthetic images of the Misviz Synthetic dataset. These include charts embedded within photographs,
screenshots, or physical media, visual clutter, additional descriptive text, and background noise. Furthermore,
some charts employ dark color schemes or gradient fills, and many occupy only a portion of the overall
image space rather than being centrally positioned (see Figure 4.10). These differences could contribute to
misclassifications, particularly if the classifier relies on assumptions such as centralized chart placement or
minimal surrounding visual noise. This risk is heightened because all images in the synthetic dataset occupy
the whole space in the image and lack visual clutter, which could limit the model’s ability to generalize to
more complex real-world layouts.

Annotation and Labeling Gaps

When comparing the synthetic dataset to the real-world dataset, the synthetic dataset often lacks fine-grained
in-chart annotation diversity, which may contribute to errors in model predictions. In contrast, real-world
charts frequently include complex textual and structural elements not represented in the synthetic data.
These include non-numeric annotations embedded within the chart, value labels positioned in unconventional
locations, categorical labels, and intricate axis formats such as hierarchical (e.g., year + month) or other
temporal encodings (e.g. varying date formats). Such variations can complicate the interpretation of chart
intent and hinder the accurate identification of misleading design features.

Ambiguous Label Definitions and Missing Labels

While relatively uncommon, some classes exhibited semantic overlap, particularly between misrepresentation
and inappropriate use of pie chart. In a few cases, real-world labels appeared to differ from the annotation
conventions used in the synthetic dataset. An additional challenge arose because not all misleading elements
present in real-world charts were fully captured by the available labels, and some charts featured ambiguous
or subjective distortions that were difficult to classify consistently. These factors may have introduced some
degree of noise into the ground truth of the test set, potentially affecting evaluation outcomes.

Axis Metadata Extraction

Since the axis metadata extractor model Axis-DePlot is trained exclusively on synthetic data, it inherits the same
limitations when applied to real-world data. As a result, it may struggle to accurately extract axis metadata
from charts that deviate in structure or appearance from the synthetic training distribution, potentially
introducing noise into the classification pipeline (see Figure 4.11).
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Figure 4.11.: Examples of Successful and Unsuccessful Axis Metadata Extractions. The top example shows
a successful axis extraction, allowing the classification model to correctly identify the chart as
exhibiting a truncated y-axis. The bottom example shows a failure in axis metadata extraction:
Axis-DePlot incorrectly interprets a nameplate within the image as x-axis labels and hallucinates
y-axis tick values.

4.3.5. Interim Conclusion

The results from this experiment offer only partial support for the initial hypotheses. While models trained on
the Misviz Synthetic dataset exhibit some capacity to classify real-world misleading data visualizations, their
overall performance remains limited and, in most cases, only slightly above the random baseline. Among all
evaluated configurations, only the TinyChart-based models achieve a performance level that modestly exceeds
that of the strongest MLLM baseline. In contrast, other models perform similarly or fall below it. These
findings challenge the assumption that classifiers trained on synthetic data would consistently outperform
large-scale pretrained MLLMs in a zero-shot setting.

Incorporating extracted axis metadata via the Axis-DePlot model yields modest improvements for two out of
three vision encoders, with no observable change for the TinyChart-based configurations. This may indicate
that axis-related features retain some utility even when applied to real-world data. However, the observed
performance gains are modest, indicating that noise introduced by the axis extraction process likely limits the
utility of these features.

These results underscore the challenges of transferring models trained on synthetic data to real-world domains.
The visual variability and structural complexity of real-world charts, reflected in the accompanying error
analysis, contribute to a pronounced feature distribution difference. In response to RQ3: Can models trained
on synthetic misleading charts generalize to real-world charts?, the findings indicate that the models trained on
the synthetic data exhibit only limited generalization ability to the real-world data. This highlights the need
for improved synthetic data generation processes with broader visual coverage, enhanced modeling strategies,
or domain adaptation techniques to better bridge the gap between synthetic and real-world distributions.
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5. Conclusion

5.1. Summary of Key Findings

This thesis explored the automatic detection of misleading elements in data visualizations using a vision-based
classifier trained on synthetic data. In response to the limitations of rule-based and prompt-driven methods, a
new synthetic dataset, Misviz Synthetic, was introduced to enable systematic experimentation on misleading
data visualizations. The dataset covers 14 types of misleaders across bar, line, and pie charts.

To answer RQ1, an ablation study was conducted to evaluate the contribution of different input features.
The results show that image representations extracted by vision encoders provide a strong and informative
input modality for detecting misleading elements. However, they often lack critical structural information,
particularly related to axis properties. Including axis metadata consistently improved classification performance
across model configurations, especially for misleaders involving axis manipulation. In contrast, adding the
underlying data table provided only marginal gains once axis metadata was already included, suggesting that
vision encoders capture much of the tabular context, but underrepresent axis-specific features.

RQ2 was addressed by training classifiers on the synthetic dataset. These models outperformed general-
purpose multimodal baselines by a significant margin on the Misviz Synthetic test set. The best-performing
model combined the TinyChart vision encoder with axis metadata extracted via a fine-tuned version of DePlot
(referred to as Axis-DePlot), achieving a macro-averaged F; score of 0.782 on the synthetic test set.

To address RQ3, the trained models were evaluated on the real-world Misviz dataset. While the inclusion of
axis metadata yielded slight performance improvements over vision-only models, generalization to real-world
data was not achieved. The best-performing configuration reached a macro-averaged F} score of 0.188. These
results highlight the dataset shift between the synthetic and real-world domain and underscore the difficulty
of capturing the visual variability present in real-world charts using synthetic data alone.

5.2. Research Implications

First, the results demonstrate that axis metadata plays a critical role in misleader detection. The performance
improvements observed when axis information is included suggest that the classification models benefit from
explicit access to structural chart features such as tick values, axis ranges, and scale direction. This indicates a
gap in current vision-language pretraining, which may not adequately encode these features.

Second, the use of synthetic data for training and evaluating classifiers demonstrates that synthetic datasets
can be valuable when real-world annotations are sparse. Misviz Synthetic enabled ablation experiments and
model training, offering a scalable approach to benchmark and analyze chart misleader detection. However,
the observed performance gap on real-world charts highlights the limitations of relying solely on synthetic
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data. This underscores the importance of considering dataset realism and alignment with the real-world data
when creating synthetic datasets.

Third, although the classifier does not generalize to real-world charts, its strong performance on matplotlib-
generated visualizations shows that misleader detection is achievable under structured, synthetic conditions.
This confirms that, when misleading elements are consistently defined and rendered, models can learn to
identify them with high accuracy. The trained classifier defines a baseline against which future misleader
detection models can be compared.

5.3. Limitations

While the results demonstrate the potential of using synthetic data for misleading visualization detection,
several limitations should be acknowledged. Although Misviz Synthetic covers a range of misleaders, it only
captures a fraction of the variability found in real-world visualizations. Key chart types such as horizontal
bar charts, donut charts, scatter plots, or 3D pie charts are absent. Furthermore, the dataset is limited to
a single misleader per chart, and the classification task is framed as multi-class, reducing expressiveness in
cases where multiple misleading elements appear in the same chart. Additionally, the dataset is limited to
English-language visualizations, which constrains applicability to global contexts.

No direct comparisons were conducted with chart-specific multimodal models, which may offer stronger
classification baselines. While general-purpose SOTA open-source MLLMs in the 7-10B parameter range were
evaluated, the absence of chart-domain specific MLLMs leaves open the question of how domain-specific
models would perform. The baseline MLLMs classifications approach also did not utilize prompting techniques,
which can improve predictive performance, such as CoT approaches. Similarly, the Axis-DePlot model was not
benchmarked against other MLLMs performing axis metadata extraction through prompting.

The inference speed of Axis-DePlot remains relatively slow, which may hinder its applicability in real-time or
large-scale settings. Moreover, since the axis metadata extraction model was also trained on synthetic data, it
inherits similar limitations observed in the trained classification models. In particular, it struggles with visual
styles that are underrepresented in the synthetic training set, such as unconventional fonts, atypical label
placements, visual noise, and overlapping chart elements.

5.4. Future Work

Several directions emerge for future research. Expanding Misviz Synthetic to include additional chart types,such
as horizontal bar charts, 3D pie charts, and donut charts, would help address current gaps in chart type
representation. Supporting multiple misleaders per chart and adopting a multi-label classification setup would
more accurately reflect the complexity of real-world visualizations. For chart types like pie charts, where
real plotting data is difficult to extract, fully synthetic pipelines could be explored to generate misleading
data visualizations. Increasing the visual diversity of the dataset by incorporating chart generation libraries
beyond matplotlib could also help reduce overfitting to a single rendering style and better capture the
heterogeneity of real-world charts.

Such improvements to the synthetic dataset would benefit both the classification and axis metadata extraction
models, which are trained on the train set of the Misviz Synthetic. Furthermore, both components could be
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improved by incorporating annotated real-world visualizations to strengthen model generalization beyond
synthetic data.

Future work could explore few-shot axis metadata extraction with MLLMs, as it could potentially offer a more
flexible and better-performing alternative to the proposed axis extraction approach. The classifier performance
may also benefit from incorporating vision model architectures not evaluated in this work, such as vision tower
encoders or multi-encoder vision models. These vision encoder approaches may better capture structural chart
elements, particularly axis metadata, within their visual representations.

Integrating preprocessing steps could further enhance classification robustness. Chart detection may help
isolate relevant regions in noisy or cluttered images, while chart-type classification could constrain the set of
potential misleading factors, improving both efficiency and accuracy in downstream detection.

Given its observed impact on detection performance, future work should explore vision encoder pretraining
tasks that more explicitly model axis-related features such as scales, tick positions, and label orientation.
Encouraging models to encode these structural elements may improve their ability to detect misleading data
visualizations. Developing such objectives may help models learn structural chart features more effectively,
supporting improved generalization and performance on downstream chart understanding tasks.

Building on this foundation, future work may focus on developing systems that go beyond detection to also
explain and correct misleading visualizations, such as by restoring truncated axes or removing 3D effects.
This research represents a foundational step toward intelligent tools that promote critical engagement with
data visualizations and empower users to defend against manipulation.
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A. Additional Information Synthetic Dataset

A.1. Misleader Overview

Table A.1.: The misleaders included in the Misviz Synthetic dataset and their definition. Arrows indicate, that
the misleader is seen as a subtype of the previously listed misleader without an arrow. Arrows in
brackets indicate that only under special conditions the misleader can be seen as a subtype (see

special remarks)

Misleader

Definition

Special Cases and Re-
marks

No Misleader
Inappropriate Item Or-
der

— Inverted X-Axis

Misrepresentation

(=) Nonlinear Y-Axis

(=) Truncated Y-Axis

Inappropriate Use of Pie
Chart (Not Sum of One)

Inverted Y-Axis

A chart without any misleaders.

Items are arranged in an unconventional order, mis-
leading the audience or creating confusion (Adapted
from [5]).

The x-axis is oriented in an unconventional direction,
and the perception of the data is reversed (Adapted
from [5]).

Misrepresentation occurs when the value labels pro-
vided do not match the visual encoding [5].

Scaling of the y-axis of the data changes in the mid-
dle of the axis.

The axis does not start from zero or is truncated in
the middle, resulting in an exaggerated difference
between bars of different values (Adapted from [5]).

When a pie chart is used for non-part-to-whole data
(Adapted from [5]).

The y-axis is oriented in an unconventional direction
and the perception of the data is reversed (Adapted
from [5]).

Can also be classified as
"Inappropriate item or-
der".

In case that the chart is
plotted without a y-axis,
it depicts a misrepresen-
tation.

In case that the chart is
plotted without a y-axis
and only two records are
present, it depicts a mis-
representation.
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Misleader

Definition

Special Cases and Re-
marks

Inconsistent
Size

Binning

Inappropriate Use of Ac-
cumulation

Inconsistent intervals

3D

Inappropriate Axis

Range

Dual Axis

Inappropriate use of line
chart

Inconsistent binning size occurs when there are vari-
ations in the boundaries of the binning groups of a
chart with data bins (Adapted from [5]).

A cumulative measure is used on data to hide a
declining trend in the data (Adapted from [5]).

Inconsistent axis ticks refer to cases with varying
intervals between the ticks [5].

A chart is plotted in 3D, making data representations
appear distorted. For 3D, the closer something is,
the larger it appears, despite being the same size in
3D perspective (Adapted from [5]).

In the case of an inappropriate axis range, the axis
range is either too broad or too narrow to accu-
rately visualize the data, allowing changes to be
minimized or maximized depending on the author’s
intention [5].

Dual axis is when two independent axes are lay-
ered on top of each other with inappropriate scal-
ing. This results in a misleading narrative about
the relationship between the two. However, other
misleaders such as inappropriate axis range might
apply as well [5].

A line chart is deemed inappropriate when used in
an unconventional way or in a way that results in
incorrect interpretation of the data or intentionally
misleading the audience [5].

Exclusively applied to
single axis charts.

Other misleaders might
apply as well.

A.2. Misleader Plotting Pipeline Visualization

Set of tables

Extract data to be

Tables to plot with
enriched metadata

> > Plot Misleaders _—

plotted

+

‘ D " | | Charts with misleaders
=+ % Axis Data

Plotted Data

Figure A.1.: General overview of the plotting steps of the synthetic data generation pipeline with the associated
output of each step.
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Ingest Tabular Data

Per Table

— | Real world data

Collection of tables to
plot based on real world +
data meta information

Ingested Table

Transformed Table

Transform data and

) - rT—
|_> Determine Potential Potential Column
_|_> Column Combinations Combinations

Validate Column
Combinations and

determine suitable
Chart Type x N

N
Consolidate Data N x Tables to
N x plottable Data to plot plot with
Table + Suitable Chart enriched
Metadata

Types

+ Column Types

determine column
types of input table

Determined Column Types

+ Origin Table
Metadata

-8

Base Table Metadata

Figure A.2.: Overview of the first step of the plotting pipeline, which extracts data to be plotted from the data
input. Appropriate columns are combined, chart titles are determined, and appropriate chart

types are determined.

Collection of tables to
plot based on real world +
data meta information

Per pre-processed table

Bar Chart Misleader
Coordinator

Line Chart Misleader

Coordinator

Pie Chart Misleader

Coordinator

Chart specific

misleader plotters

-

_—

‘ D . I | Charts with misleaders

> 4+ % Axis Data
+ % Plotted Data

Figure A.3.: Overview of the second stage of the plotting pipeline, which generates misleading data visu-
alizations. The input data is routed to chart-specific misleader plotters that apply appropriate
misleaders based on data structure and content. Random variations are applied to each chart to
introduce visual diversity. For all generated charts, the manipulated underlying data is saved.
In addition, axis metadata is extracted for coordinate-based chart types to support downstream

processing.

A.3. Misleader Example Images and Implementation

This section defines each misleader category in the dataset and describes the specific implementation strategies
used to simulate each misleading pattern in the synthetic data.
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A.3.1. No Misleader

Gilmour Racing: Points By Season

100_ IIIIII Il I

A A A A s

Season

Figure A.4.: Example of a bar chart and a pie chart without misleading elements.

1964 Kansas City Chiefs Season: Exploring Sum Of Attendance By Week
71047

64589

1-3 4-6 7-9 10-12
Interval Week

Figure A.5.: Example of a binned chart without misleading elements.

Definition
A chart without any misleaders.

Implementation

Non-misleading charts are plotted for all chart types by ensuring that no misleading factors are present in
the underlying data. For example, the step size between time values must remain consistent when using a
temporal independent variable to avoid introducing implicit distortions.

In addition, for specific misleading factors such as inconsistent binning size, non-misleading counterparts are
explicitly required to prevent models from learning to associate binned charts with misleading behavior by
default. Non-misleading charts are implemented for all chart types. For bar charts, both non-binned and
correctly binned bar charts are generated to ensure proper coverage.
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A.3.2. Inappropriate Item Order

Global Tuberculosis Report! Tb Burden Estimates - Who (2019): Estimated Incidence (All Forms) Per 100 000 Population, Low Bound (E_Inc_100K_Lo) Across Different Year (For Entity Albania)
2.0

3 19.0 19.0
18.0

15.0 15.0 15.0

)
3

14.0 14.0 14.0 14.0 14.0 14.0 14.0 14.0

E_Inc_100K_Lo]
3 B
>

Estimated Incidence (All Forms) Per 100 000 Population,
Low Bound (
~
o

0.0:yy|||vv|||v
S & £ & & £ £ £ £ &£ £ & 5 5 & &

Year

Figure A.6.: An example for inappropriate item ordering in a line chart.

Definition
Items are arranged in an unconventional order, misleading the audience or creating confusion (adapted

from [5]).

Implementation

This misleader is applied to charts with temporal values on the x-axis. The implementation checks whether the
temporal values are sorted in increasing or decreasing order. If they are not, the chart is randomly sorted in
ascending or descending order based on the associated values before plotting, resulting in a non-chronological
x-axis and a misleading impression of the data.

A.3.3. Inverted X-Axis

Mean Bmi - Ned Risc (2017): Exploring Mean Bmi (Female) By Year (For Entity
Canada)

0

TP E T F P S FE P S

Year

Figure A.7.: Example for a data visualizations applying the misleader inverted x-axis.

Definition
The x-axis is oriented in an unconventional direction and the perception of the data is reversed. Can also be

classified as inappropriate item order (adapted from [5]).

Implementation
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Given a temporal x-axis, the tick labels are sorted from left to right in descending order of the independent
variable.

A.3.4. Misrepresentation

Gulf Coast Athletic Across

Dillard University Tougaloo College

Edward Waters College
Talladega College

Fisk University

Philander Smith College

Southern University At New Orleans

Figure A.8.: Examples for data visualizations with the misrepresentation misleader applied.

Definition
Misrepresentation occurs when the value labels provided do not match the visual encoding [5].

Implementation

The misleader is applied across all chart types. First, the input data is preserved. Then, each dependent
numerical variable is randomly scaled by one of the following factors: [0.65, 0.7, 0.75, 0.8, 1.2, 1.25, 1.3,
1.35]. The chart is plotted using the manipulated values, while the original (unscaled) values are displayed as
value labels. This misleader depends on the presence of value labels, as the misleading effect arises from the
discrepancy between the visual encoding and the shown numerical values.

A.3.5. Nonlinear Y-Axis

Mean Bmi (Male) Per Year: Insights Fi Me Bmi - Ncd Risc (2017) (For Entity Brazil|
Life Expectancy - Interpolated (Gapmlnder, Un, Ihme) Per =n Bmi{(Malcy Perifear:iinslghts From Mean BmiSNod Risc,(2017) (For Entity Brazil),

3
3. Year: Insights From Life Exp Un, Ihme) -
H (For Entl!y Armenla) :
E
E 80 5.0
o .
g '_I
b= w /’,_\'V _ 200
2 p s
®_ P E
i‘ [ £
,_E N E < 150
o )
E ~ ;'\\ll ¥ 1
T | pmmmmmmmmmmmae T w ! I‘l‘ 10.0
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]
g 50-
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N P 0 P AL oD o oS EASES
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Year

Figure A.9.: Examples for data visualizations with the misleader nonlinear y-axis applied.
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Definition
Scaling of the y-axis of the data changes in the middle of the axis. In case that the chart is plotted without a
y-axis, it depicts a misrepresentation.

Implementation

This misleader is applied to coordinate-based data visualizations. Charts where the data values are too similar
are excluded (specifically, the minimum to maximum value ratio must be below 90%), as the manipulation
would not produce a strong visual effect. The value with the most significant jump to the next highest value is
identified to determine where the scale should change, and the original tick location closest to this point is
used as the scale transition. After this point, the y-axis step size is reduced by half, creating a nonlinear scale
that visually distorts the relative magnitude of the higher values.

A.3.6. Truncated Y-Axis

Mean Bmi - Ned Risc (2017): Exploring Mean Bmi (Female) By Year (For Entity Canada)

Mean B (Femle)

FELELEL LSS LSS P
Yo

Figure A.10.: Example for a data visualization with the misleader truncated y-axis applied.

Definition

The axis does not start from zero or is truncated in the middle, resulting in an exaggerated difference between
bars of different values (adapted from [5]). In case that the chart is plotted without a y-axis and only two
records are present, it depicts a misrepresentation.

Implementation

This misleader is applied to bar charts. Input tables are filtered to retain only positive values. To ensure that
the truncated y-axis produces a noticeable visual effect, the ratio of minimum to maximum value is computed,
and the smallest value must be at least 50% of the largest value for the chart to qualify. This constraint ensures
that the truncation exaggerates the perceived difference between otherwise similar values.
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A.3.7. Inappropriate Use of Pie Chart

Tropical Deforestation By Country Or Region (Pendrill Et Al: Total Deforestation
And Peu}r%rlréiﬂqsiom By Entity

India

Asia And Pacific (Excl. Indonesia And India

Americas (Excl. Brazil And Mexico)

Indonesia o

Figure A.11.: Example for a data visualization where a pie chart is used inappropriately. The percentages do
not sum to 100%.

Definition
A pie chart contains the misleader inappropriate use of pie chart when a pie chart is used for non-part-to-whole
data (adapted from [5]).

Implementation

This misleader covers two scenarios of misrepresentation. In the first case, the relative shares of each value are
calculated based on the complete input data. One data record is removed, and the chart is plotted using the
reduced dataset. However, the original share values, calculated before removal, are retained as value labels.
In the second case, if an input table contains positive percentage-based values that do not sum to 1 (or 100%),
a pie chart is plotted using the literal percentage values as labels.

A.3.8. Inverted Y-Axis

Analysis Of Attendance Across Venue (2002 - 03 Chelsea F.C. Season) (For Opponent Arsenal)

— 10000

— 20000

Attendance

— 30000

— 40000

>
I -

Venue

Figure A.12.: Example for a data visualization with an inverted y-axis.
Definition

The y-axis is oriented in an unconventional direction and the perception of the data is reversed (adapted
from [5]).
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Implementation
This misleader is applied only to coordinate-based charts by inverting the y-axis.

A.3.9. Inconsistent Binning Size

Number Of Neonatal Deaths (hme - 2017): Number Of Neonatal Deaths (Thme - 2017)
Across Different Year (For Entity Tanzania)

Figure A.13.: An example for inconsistent binning size.

Definition
Inconsistent binning size occurs when there are variations in the boundaries of the binning groups of a chart
with data bins (adapted from [5]).

Implementation

This misleader is only applied to bar charts with temporal values on the x-axis. It differentiates between
sum and average aggregation when binning data over time intervals. If the values to be plotted contain
percentage-like entries (i.e., the values sum to one or one hundred), the data is averaged. Otherwise, the
values are summed. The formatting of the temporal intervals is randomized based on predefined templates.
Additionally, the chart title is updated to explicitly include either sum or average, depending on the applied
aggregation method.

A.3.10. Inappropriate Use of Accumulation

Number 01 Pollo Cases Per One Million Population - Who (2017: Polle Cases Per 1Milion Population (Who
‘20171 Rcress Diferen Year (For Entty World)

Figure A.14.: An example for inappropriate use of accumulation.

ccumuiatod PoloCases Por | Willan Population INbe 20T
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Definition
A cumulative measure is used on data to hide a declining trend in the data (adapted from [5]).

Implementation

This misleader is applied to bar charts with temporal values on the x-axis. If a downward trend is detected
in the data, the values are transformed into a cumulative sum. The y-axis label is updated accordingly by
prefixing the original column name with accumulated to reflect the manipulation.

A.3.11. Inconsistent Intervals

Coal Consumption Per Capita (Bp & Un (2017 Revision)) Per
Year: Insights From Fossil Fuel Consumption Per Capita - Bp
& Un (2017 Revision) (For Entity Argentina)

400 —

Revision))

N

=3

o
|

Coal Consumption Per Capita (Bp & Un (2017

Figure A.15.: An example for a data visualization containing the misleader inconsistent axis intervals.

Definition
Inconsistent axis ticks refer to cases with varying intervals between the ticks [5].

Implementation

This misleader is applied only to coordinate-based chart types with temporal values on the x-axis. It is
implemented by removing a random number of records from the input table, resulting in irregular gaps
between x-axis ticks. For tables with seven or more records, up to 30% of the data, limited to a maximum of
five consecutive records near the center of the temporal sequence, is removed. This creates visually inconsistent
intervals along the x-axis in the resulting chart.
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A.3.12. 3D

2007 - 08 Los Angeles Clippers Season: Comparison Of Attendance By Visitor (For Home Clippers)

Figure A.16.: Example for a data visualization with a 3D-effect applied.

Definition
A chart is plotted in 3D, making data representations appear distorted. For 3D, the closer something is, the
larger it appears, despite being the same size in 3D perspective (adapted from [5]).

Implementation

This misleader is implemented only for bar charts, as matplotlib does not provide straightforward support
for rendering 3D pie or line charts. To avoid label overlap caused by rotation, the 3D perspective is fixed to a
single predefined angle.

A.3.13. Inappropriate Axis Range

Mean Bimi - Nod Risc (2017): Exploring Mean Brmi (Female) By Year (For Entiy Canada)

210

LELLEELSLSELLLEPF S P05
vear

Figure A.17.: Example for a data visualization with an inappropriate axis range.

Definition

In the case of an inappropriate axis range, 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 [5].
Exclusively applied to single axis charts.

Implementation
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This misleader is only applied to line charts. In the synthetic dataset, only the case of a too-narrow case is
covered, similar to how the truncated y-axis is implemented for bar charts, as this is more reliably indicative
of misleading intent. By contrast, the case of an overly broad or not truncated y-axis is not included, as its
misleading nature is heavily context-dependent and challenging to determine automatically.

For example, consider a line chart showing average daily temperature in a city over the course of a week,
ranging narrowly between 19.8°C and 20.2°C. If the y-axis spans from 0°C to 100°C, the resulting line will
appear almost flat, potentially downplaying small but meaningful temperature shifts. However, it’s unclear
whether this is misleading. In some contexts, showing the full 0-100°C range might be justified — for instance,
to maintain consistency across a dashboard of climate indicators. In other cases, truncating the axis to focus
on the 19-21°C range might better reflect meaningful variability.

The challenge lies in the fact that the misleading factor of a non-truncated (wide-range) axis often depends
on the chart’s communicative intent, domain conventions, and the viewer’s expectations. These factors are
challenging to model synthetically in a rule-based way. As a result, this case was excluded from the synthetic
data generation, and only the case of a y-axis which is too wide was applied.

Similar to the truncated y-axis misleader, the axis is only truncated if it visually exaggerates the differences in
the data, under the assumption that a non-misleading version of the chart would use a non-truncated axis
starting from zero. The misleader is only applied if the ratio between the minimum and maximum value
exceeds 50%, ensuring that the truncation introduces a noticeable distortion.

A.3.14. Dual Axis

Urbanization In The Long Run - Owid Based On The Un World Urbanization Prospects 2018
And Others (Results For Entity Andorra)

S H S S O
S £ S L 305
OO

Figure A.18.: Example for a data visualization with the dual axis misleader applied.

Definition
Dual axis is when two independent axes are layered on top of each other with inappropriate scaling. This
results in a misleading narrative about the relationship between the two [5].

Implementation

This misleader is applied exclusively to line charts using dual axes (both left and right y-axes). Two columns
from a multi-column input table are selected. To ensure that the data series displayed on the y-axis are not
the same, the y-axis ranges must not overlap by more than 50%, specifically, the overlap must be less than
50% of the smaller range.
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This misleader is applied exclusively to line charts using dual y-axes (left and right). Two columns from a
multi-column input table are selected. To ensure that the data series scales differ meaningfully, the ranges of
the two y-axes must overlap by less than 50% of the smaller range.

A.3.15. Inappropriate Use of Line Chart

Gymnastics At The 2008 Summer Olympics - Men 'S Rings: Comparison
Of B Score By Gymnast

9.175__9.225 86 8925 905 875
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Figure A.19.: An example for an inappropriate use of a line chart.

Definition
A line chart is deemed inappropriate when used in an unconventional way or in a way that results in incorrect
interpretation of the data or intentionally misleading the audience [5].

Implementation
This misleader is applied exclusively to line charts. It plots a line chart using a categorical independent

variable.

A.4. Chart Type Variations

The following chart design variations were incorporated into the Misviz Synthetic dataset to increase visual
diversity:

All Charts
* Random color variation of the background

* Random title templates

Random font selection

Random chart size
¢ Random font size
Coordinate-Based Charts (Bar and Line Charts)

* Random addition of minor ticks in addition to major ticks on axes
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* Random placement of y-axis (left or right side of the chart, dual axis and bar charts without y-axis are
excluded)

* Different tick shapes
* Multiple series support
* Randomly added value labels (always plotted for bar charts without y-axis)
* Varying tick step size
* Random addition or removal of chart borders
* Random addition of horizontal grid lines
Bar Charts

* Sorted by values or names

Plots with no y-axis (50% of all bar charts)

Label placement on top of bars or inside bars

Horizontal and vertical value labels

Randomization of bar colors (single random color for time series, multiple random colors in case of a
categorical independent variable)

Line Charts

* Randomized fill below the line

* Random line style

* Randomized line colors

* Random addition of horizontal and vertical grid lines
Pie Charts

* Placement of data labels next to slices or in legend

A.5. Additional Metadata Misviz Synthetic

Chart Type Count

BAR_CHART  38.977
LINE_CHART 38.178
PIE_ CHART  5.883

Table A.2.: Chart Type Distribution in the Misviz Synthetic Dataset.
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B. Classification Model Details

B.1. Baseline Prompts

B.1.1. Misviz Dataset Classification Prompt

You are a visual chart misleader classification expert. Given an image of a
—chart, identify the correct misleader in the chart from the options
—Dbelow.

— NO MISLEADER: A chart without any misleaders.

— TRUNCATED Y AXIS: In a truncated axis, the axis does not start from zero
<sor is truncated in the middle, resulting in an exaggerated difference
—between bars of different values.

— INVERTED_AXIS: An axis is oriented in an unconventional direction and the
—perception of the data is reversed

— INAPPROPRIATE_ITEM_ORDER: Items are arranged in an unconventional order,
—misleading the audience or creating confusion.

— INCONSISTENT_INTERVALS: Inconsistent axis ticks refer to cases with
—varying intervals between the ticks.

— THREE D: A chart is plotted in 3D, making data representations appear
<sdistorted. For 3D, the closer something is, the larger it appears,
—+despite being the same size in 3D perspective.

— MISREPRESENTATION: Misrepresentation occurs when the value labels provided

<—do not match the visual encoding. For example, the data values may be
<—sdrawn disproportionately or not to scale, thus intentionally or
—accidentally to cause the data to be misrepresented.

— INAPPROPRIATE BINNING_SIZE: Inconsistent binning size occurs when there
<—sare variations in the boundaries of the binning groups of a chart with
—data bins.

— INAPPROPRIATE USE OF PIE CHART: 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. Thus, the labels do
—not represent the indicated label shown on the pie slice.

— DUAL AXIS: Dual axis is when two independent axes are layered on top of
<—seach other with inappropriate scaling. This results in a misleading
—narrative about the relationship between the two. However, other
—misleaders such as inappropriate axis range might apply as well.
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— INAPPROPRIATE_AXIS RANGE: In the case of an inappropriate axis range, 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. This misleader is exclusively applied to single axis
—charts.

— INAPPROPRIATE USE_OF LINE CHART: A line chart is deemed inappropriate when
—used in an unconventional way or in a way that results in incorrect
—interpretation of the data or intentionally misleading the audience.

Respond with a JSON object with the field ’predicted label ’. The
—predicted label field should just contain a string of one of the above
—mentioned labels. Nothing else.

B.1.2. Misviz Synthetic Dataset Classification Prompt

This prompt contains the following additional labels:
« INVERTED X AXIS
« INVERTED Y AXIS
« NON_LINFAR Y AXIS
¢ INAPPROPRIATE ACCUMULATION

The following misleaders are not included in the prompt:
e INVERTED_AXIS

Prompt:

You are a visual chart misleader classification expert. Given an image of a
—chart, identify the correct misleader in the chart from the options
—Dbelow.

— NO MISLEADER: A chart without any misleaders.

— TRUNCATED Y AXIS: In a truncated axis, the axis does not start from zero
<—or is truncated in the middle, resulting in an exaggerated difference
—between bars of different values.

— INAPPROPRIATE ITEM ORDER: Items are arranged in an unconventional order,
—misleading the audience or creating confusion.

— INCONSISTENT INTERVALS: Inconsistent axis ticks refer to cases with
—svarying intervals between the ticks.

— THREE D: A chart is plotted in 3D, making data representations appear
—distorted. For 3D, the closer something is, the larger it appears,
—despite being the same size in 3D perspective.

— MISREPRESENTATION: Misrepresentation occurs when the value labels provided
—do not match the visual encoding. For example, the data values may be
—drawn disproportionately or not to scale, thus intentionally or
—accidentally to cause the data to be misrepresented.
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— INAPPROPRIATE_BINNING_ SIZE: Inconsistent binning size occurs when there
—rare variations in the boundaries of the binning groups of a chart with
—data bins.

— INAPPROPRIATE USE_OF PIE CHART: 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. Thus, the labels do
—not represent the indicated label shown on the pie slice.

— DUAL AXIS: Dual axis is when two independent axes are layered on top of
<seach other with inappropriate scaling. This results in a misleading
—narrative about the relationship between the two. However, other
—»misleaders such as inappropriate axis range might apply as well.

— INAPPROPRIATE_AXIS RANGE: In the case of an inappropriate axis range, 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. This misleader is exclusively applied to single axis
—charts.

— INAPPROPRIATE USE_OF LINE CHART: A line chart is deemed inappropriate when
—used in an unconventional way or in a way that results in incorrect
—interpretation of the data or intentionally misleading the audience.

— NON _LINEAR_ Y AXIS: Scaling of the y—axis of the data changes in the middle
—of the axis, leading to a non linear scale, which makes the data after
—the scale change appear to be more or less than it actually is.

— INAPPROPRIATE ACCUMULATION: A cumulative measure is used to hide a
—declining trend in the data.

— INVERTED X AXIS: The x—axis is oriented in an unconventional direction and
—the perception of the data is reversed.

— INVERTED Y AXIS: The y—axis is oriented in an unconventional direction and
—the perception of the data is reversed.

Respond with a JSON object with the field ’predicted label ’. The
—predicted label field should just contain a string of one of the above
—mentioned labels. Nothing else.

B.2. Loss and /| Score over Epochs

The following presents the training loss curves for the best-performing model from the ablation study and the
model trained under realistic input conditions.

For training the models for the real-world generalization experiment, the macro-averaged F; is tracked across
epochs on the Misviz and Misviz Synthetic validation datasets (Stage 2 and 3).
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Figure B.1.: Left: Training and validation loss over epochs on Misviz Synthetic for the best-performing model
from the ablation study (Stage 2). Right: Training and validation loss over epochs on Misviz
Synthetic and validation loss on Misviz for the best-performing classifier on the Misviz validation
set trained under realistic input conditions (Stage 2).
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Figure B.2.: Macro-averaged F} score across training epochs on the Misviz Synthetic and Misviz validation sets
for the best-performing model selected based on Misviz validation set performance.

B.3. Misviz Synthetic and Misviz Label Mapping

To enable consistent evaluation across both the synthetic and real-world datasets, a mapping is required from
the more fine-grained label set of the Misviz Synthetic dataset to the coarser label taxonomy used in the Misviz
real-world dataset. This section outlines the strategy for aligning synthetic misleader categories with their
closest equivalents in the real-world classification prompt.

B.3.1. Overview of Label Differences
The Misviz Synthetic dataset differs from the real-world label set by introducing several more specific misleader
types:

e INVERTED_X_AXIS

e INVERTED_Y_AXIS
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* NON_LINEAR_Y_AXIS
* INAPPROPRIATE_ACCUMULATION

At the same time, the synthetic dataset does not include the generalized label INVERTED_AXIS, which
appears in the real-world dataset. A label mapping is applied to translate synthetic labels to their real-world
equivalents to ensure compatibility during evaluation.

B.3.2. Label Mapping Strategy

Table B.1 presents the mapping applied from synthetic to real-world labels.

Synthetic Label Mapped Real-World Label
NO_MISLEADER NO_MISLEADER

TRUNCATED_Y_AXIS TRUNCATED_Y_AXIS
INVERTED_X_AXIS INVERTED_AXIS

INVERTED_Y_AXIS INVERTED_AXIS
INAPPROPRIATE_ITEM_ORDER INAPPROPRIATE_ITEM_ORDER
INCONSISTENT_INTERVALS INCONSISTENT_INTERVALS

THREE_D THREE_D

MISREPRESENTATION MISREPRESENTATION
INAPPROPRIATE_BINNING_SIZE INAPPROPRIATE_BINNING_SIZE
INAPPROPRIATE_USE_OF_PIE_CHART  INAPPROPRIATE_USE_OF_PIE_CHART
DUAL_AXIS DUAL_AXIS
INAPPROPRIATE_AXIS_RANGE INAPPROPRIATE_AXIS_RANGE
INAPPROPRIATE_USE_OF_LINE_CHART INAPPROPRIATE_USE_OF_LINE_CHART
NON_LINEAR_Y_AXIS — (no equivalent)
INAPPROPRIATE_ACCUMULATION — (no equivalent)

Table B.1.: Mapping from Misviz Synthetic labels to real-world Misviz dataset labels.

B.3.3. Mapping Considerations

The real-world label INVERTED_AXIS is used as a general category for both x- and y-axis inversions.
Therefore, the synthetic labels INVERTED_X_AXIS and INVERTED_Y_AXIS are mapped to this single
class. In contrast, the synthetic dataset contains additional categories such as NON_LINEAR_Y_AXIS and
INAPPROPRIATE_ACCUMULATION, which have no equivalent in the real-world label set and are thus ex-
cluded from evaluation when comparing across datasets.

B.4. Class-Based F; Scores for Best Performing Trained Classifiers

B.4.1. Misviz Synth
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Label F; Score
NO_MISLEADER 0.547
TRUNCATED Y AXIS 0.559
INVERTED Y AXIS 0.899
NON_LINEAR Y AXIS 0.798
INAPPROPRIATE ITEM_ORDER 0.781
INCONSISTENT INTERVALS 0.593
THREE D 1.000
MISREPRESENTATION 0.553
INAPPROPRIATE ACCUMULATION 0.848
INAPPROPRIATE BINNING SIZE 0.967
INAPPROPRIATE _USE_OF PIE CHART 0.526
DUAL_AXIS 0.983
INAPPROPRIATE AXIS RANGE 0.792
INAPPROPRIATE USE LINE CHART 0.976
INVERTED X AXIS 0.910
Macro Avg. 0.782

Table B.2.: Training Under Realistic Input Conditions: F; scores for each misleader class for the best
performing trained model. F} scores per misleader class and overall macro-average F for the
best performing model (TinyChart vision encoder + Axis-DePlot axis metadata extraction) on the

test set of Misviz Synth.

B.4.2. Misviz
Label I} Score
NO_ MISLEADER 0.107
TRUNCATED Y _AXIS 0.305
INAPPROPRIATE ITEM_ ORDER 0.000
INCONSISTENT INTERVALS 0.000
THREE_D 0.142
MISREPRESENTATION 0.519
INAPPROPRIATE BINNING SIZE 0.182
INAPPROPRIATE USE OF PIE CHART 0.316
DUAL_AXIS 0.118
INAPPROPRIATE_AXIS RANGE 0.054
INAPPROPRIATE USE LINE CHART 0.487
INVERTED AXIS 0.032
Macro Avg. 0.188

Table B.3.: Generalization to Real-World Data: F} scores for each misleader class for the best performing
trained model. F; scores per misleader class and overall macro-average F; for the best performing
model (TinyChart vision encoder + Axis-DePlot axis metadata extraction) on the test set of Misviz.
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B.5. Binary Classification Results

To assess the performance of the trained models from Stage 2 in a binary classification setting, the results
from Stage 2 (training under realistic input conditions) and Stage 3 (generalization to real-world data) were
re-aggregated into two classes: instances originally labeled as no misleader were retained, while all other
misleader types were grouped under the label contains misleader. Performance across all classifiers was then
compared based on this binary relabeling.
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Figure B.3.: Binary classification results on the Misviz Synthetic test set.
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Figure B.4.: Binary classification results on the Misviz test set.
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