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ABSTRACT

This ongoing study analyzes the capability of multimodal Large Lan-
guage Models (LLMs) to detect and interpret misleading data visu-
alizations first, and then link them to root causes and intentionality
using visualization rhetoric as a means to explain them. Three research
questions are formulated and preliminarily analyzed experimentally
using a dataset of 2,336 COVID-19-related tweets, half of which con-
tain misleading visualizations using two models: Gemma3-27B and
Qwen2.5-VL-72B. Results are additionally qualitatively evaluated on
a small collection of “real-life” Vis Lies annotated by visualization re-
searchers. The study’s preliminary findings suggest that while these
models have a baseline ability to detect visual deception, their effec-
tiveness is highly dependent on the prompting strategy. Moreover, the
results offer initial evidence that LLMs can begin to reason about the
rhetorical dimension and intentionality of visual misinformation. The
authors acknowledge the preliminary and non-generalizable nature of
current findings, highlighting the need for further research.

Index Terms: LLMs, misleading visualizations, visualization rhetoric

1 INTRODUCTION

Generative Artificial Intelligence (genAl), and, in particular, Large
Language Models (LLMs) and Vision Models (VLMs), permeated
society and working processes regardless of the application domain in
the last three years [24]. Promising assistance in solving and organizing
tasks helps millions of users search, generate, and adapt information
in multiple forms (e.g., text, images). It showed interesting behavior,
showing pros and cons, in supporting decision-making tasks and the
interpretation of information, with several works demonstrating good
capabilities [3, 10]. Among these tasks, of particular interest is their
usage for the interpretation of charts [4], which represent an aggregated
visual form of analytical information from which to derive insights.
This task can happen at different levels, ranging from scientific charts
to infographics and communication images. The capability of correctly
interpreting a chart can be affected by several factors, ranging from an
adequate level of visualization literacy for the user to the knowledge
of the domain from which data are represented, to the potential presence
of bias or errors, implicit and explicit, in the chart itself. Unfortunately,
these characteristics may not be present (in full or in part) in genAl
models and their users, particularly lay users, worsened by a “positivist”
attitude in the usage of these models and in the negligible capability
of these models to persuade non-savvy users. The risk for lay users is to
trust an incorrect chart simply because the genAl model misinterpreted
it for the wrong reasons while being prompted to analyze it.

Several works coped with the problem of benchmarking and improving
LLMs and VLMs to interpret charts correctly [1, 15, 14], most focused
on detecting and reducing misinterpretation. In this work, we propose
(i) a preliminary analysis of the exposure of lay users with respect to
capability to recognize errors directly present in the charts, which we
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label according to the community as visualization lies (Vis lies) in two
ways: free or hinted, but not specified directly, using long prompts, as
this may not be representative of how lay and novice users interact with
LLMs. (ii) an analysis of the detection capability of the root causes for
misleading interpretation, to recognize if the error is voluntary (e.g.,
due to propaganda or bias) and which rhetorical means have been used,
according to the visualization rhetorical taxonomy proposed by Hullman
and Diakopoulos [8]. Preliminary results on Gemma3:27B and
Qwen2.5-VL:72B models show interesting behavior in supporting
these tasks, which can guide further analysis and refinement.

2 RELATED WORK

Large Language Models and Generative Al capabilities in sup-
porting visualization have been extensively tested in the last three
years [23]. Several efforts can be identified for visualization genera-
tion [20, 5, 22, 2, 19], with a focus on generating a correct visualization
following visualization literacy rules [6, 15]. While these works tested
the LLMs’ capability not to produce erroneous visualizations, their
focus is not on detecting them and the eventual misinterpretations they
provide to a lay user. Another part of the literature focused on supporting
a user in the automatic or semi-automatic analysis and interpretation of
charts [7, 21]. Podo et al. [16] created a dedicated model, distilled from
ChatGPT-4, to support generation, explanation, and analysis suggestions
for a lay user or domain expert coping with visual data representations.
Islam et al. [9] extensively tested LLMs and vision models in chart
understanding and reasoning, highlighting a non-negligible loss in
accuracy due to hallucinations, factual errors, and data bias.

Finally, a few works directly targeted the problem of potential
misinterpretations of generated charts and the detection of the possible
causes of it. Pandey and Ottley [15] benchmarked multiple AI models,
testing their capabilities to interpret charts and eventually discovering
low performance in spotting misleading visualizations, with just 30%
accuracy. Alexander et al. [1] show that GPT-4 models can detect
misleading visualizations [13, 18] with varying accuracy depending on
the used prompt-engineering technique. The authors share the goal with
our work, but limited the testing only to ChatGPT-4 while we expand
on this work by considering additional models. Moreover, we make
a step forward by trying to detect the potentially malicious nature of the
misleading visualization and the visual rhetoric strategy used. Lo and
Qu [14] also delve into this problem, focusing on defining nine types of
prompts, from simple to complex, to support the detection of misleading
visualizations. The authors focus on improving detection capabilities,
while in our work, we want to test more the case of a lay user potentially
exposed to misinformation (looking more at the simple prompts than
more complex ones) and the potential root causes and rhetoric used
to convey the erroneous information. Additionally, Szafir [11] shows
how, in most cases, misleading visualizations are not predominantly
based on violations of visualization design guidelines, but other aspects
play a role in it. Among them, we identified the usage of visualization
rhetoric, which is not dissimilar to what can happen in natural language
by using classic rhetorical constructs to deliver a message [17].

3 METHOD

This study aims to evaluate multimodal LLMs in two directions. First,
we assess whether these models can identify misleading elements in



Table 1: Types of visualization rhetoric.

Rhetoric Type
Information Access Rhetoric

Description and Example

Refers to choices about what data to include, omit,
filter, or aggregate. These choices shape what the
viewer sees and which patterns or narratives are
emphasized.

Relates to how a visualization communicates
trustworthiness, such as by citing sources, ex-
plaining methods, noting uncertainty, or including
methodology or assumptions.

Provenance Rhetoric

Involves how data values are translated into visual
features such as position, size, scale, metaphor,
or color. This can create emphasis or shape
perception beyond what the raw data conveys.

Mapping Rhetoric

Linguistic-Based Rhetoric Uses language elements like titles, labels, anno-
tations, or captions to guide interpretation. Often
includes metaphor, irony, rhetorical questions, or

other narrative framing.

Procedural Rhetoric Relates to interaction and navigation design, such
as default views, filters, or animations. These
features guide how users explore the data and can

influence which conclusions they reach.

visualizations with and without explicit prompting instruction. Second,
we test whether they can recognize rhetorical techniques in visualiza-
tions, following the framework of Hullman and Diakopoulos [8], and
reason about whether such rhetoric contributes to intentional deception.
To this end, we formulate three research questions (RQ1-RQ3), and we
address these questions using two complementary experiments (EXP1
and EXP2).

3.1 Research Questions

* RQ1: Do multimodal LLMs possess the nuanced understanding
required to identify and flag misleading elements in data
visualizations? [14]

¢ RQ2: Are multimodal LLMs capable of identifying rhetorical
techniques in misleading data visualizations?

¢ RQ3: Can multimodal LLMs understand how rhetorical
techniques in data visualizations contribute to misleading
visualizations, and determine whether such rhetoric is used
intentionally to mislead?

3.2 Visualization Rhetoric

We adopt the five core types of visualization rhetoric proposed by
Hullman and Diakopoulos [8]: Information Access, Provenance,
Mapping, Linguistic-Based, and Procedural Rhetoric. They are
summarized in Tab. 1.

3.3 Experiments

We designed two experiments (EXP1, EXP2) to address the three re-
search questions. Each experiment uses a distinct prompt (PRT1, PRT2),
fully provided as supplemental material and schematized in the following.
Both experiments address RQ1, while EXP2 also targets RQ2 and RQ3.

3.3.1 Experiment 1

The goal of EXP1 is to assess whether a multimodal LLM can recognize
misleading visualizations (RQ1) without being explicitly informed that
such visualizations can contain deceptive elements. PRT1 asks the LLM
to examine a visualization and its accompanying caption (if any), to pro-
vide a detailed description of its content, and extract insights. This setup
simulates the behavior of a lay user who is unaware that the visualization
might be misleading and unfamiliar with specific misleading errors (e.g.,
dual axes, cherry-picking [12]). Unlike Alexander et al. [1], where the
authors instructed the models to identify misleading aspects, providing

their definitions as well, EXP1 evaluates the baseline capability of the
model without advanced prompt-engineering strategies, such as few-shot
learning. Since PRT1 does not directly ask whether the visualization
is misleading, we derive this information from the model’s analysis
by post-processing its output. For this purpose, we pass the output of
PRT1 to an independent control model (gpt-o0ss-120b), prompted
with PRT1bis, which classifies whether the analysis indicates that the
visualization is misleading. This separation ensures that the control
model is not influenced by the results given by the model under analysis.

3.3.2 Experiment 2

The EXP2 addresses all three research questions. In contrast to
EXP1, PRT2 explicitly alerts the model that the visualization may
be misleading and asks it to: perform a detailed analysis of the
visualization; assess whether the visualization is misleading; determine
whether any misleading aspects are likely intentional or unintentional;
and identify any rhetorical techniques present, following the five core
categories of visualization rhetoric. This design allows PRT?2 to address
RQ1 by detecting misleading elements, RQ2 by identifying rhetorical
techniques, and RQ3 by assessing whether those rhetorical techniques
are intentionally used to mislead.

3.4 Prompts

In the following, we schematize the used prompts (PRT1, PRT1bis,
PRT2). The full prompts are provided as supplemental material.

PRT1 Goal: Guide the LLM to interpret a visualization and its caption,
describe its content and message, and self-assess confidence. In partic-
ular, it asks to: 1. Analyze image and caption. 2. Describe visualization
elements (axes, trends, data). 3. Interpret the intended message. 4. Pro-
vide conclusion. 5. Rate confidence of the analysis with justification.
PRT1bis Goal: Ask a second LLM to evaluate whether an LLM-
generated analysis of a visualization reveals misleading elements or
rhetorical strategies. . In particular, it asks to: 1. Determine if the
described visualization is misleading. 2. Assess whether any misleading
aspects are intentional. 3. Identify present types of visual rhetoric (it
has been provided with definitions Tab. 1) 4. Report confidence for all
judgments.

PRT2bis Goal: Perform both interpretation and critical assessment
of the visualization, identifying misleading elements and rhetorical
techniques. 1. Describe and interpret the visualization. 2. Draw conclu-
sions and self-assess confidence. 3. Evaluate if the chart is misleading,
why, and whether intentional or not. 4. Identify present types of visual
rhetoric (it has been provided with definitions Tab. 1) and if they are
used to support misleading. 5. Report confidence for all judgments.

3.5 Models

To differentiate our study from existing work, we evaluated two
multimodal LLMs: Gemma3:27B ' and Qwen2.5-VL:72B 2. We
selected these models to represent distinct scenarios, covering a
relatively compact model (Gemma3) suitable for execution on consumer
hardware, and larger models (Qween2.5) requiring higher computational
resources. As an independent control model for experiment 1, we used
gpt-oss-120b, a recently released high-performance reasoning model.
Our work is still ongoing, and we plan to extend the evaluation to larger
models, such as Llama, Mistral, and DeepSeek-VL, among others.

3.6 Dataset

We created the COVID-Tweets misleading dataset, derived from the
original dataset collected by Lisnic et al. [12]. The original dataset
includes 9,958 English-language posts shared on X (formerly Twitter)
during the COVID-19 pandemic, each containing at least one data
visualization. Lisnic et al. annotated these tweets to indicate whether the
visualization was misleading or not. For misleading cases, the authors

1https ://ollama.com/library/gemma3:27b
2https ://ollama.com/library/qwen2.5v1:72b
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also specified the type of visualization design violation (e.g., truncated
axis, unclear encoding) and/or reasoning error (e.g., cherry-picking,
causal inference) that contributed to the misinterpretation of data.
Among them, 2,373 tweets contain at least one misleading element,
while the remaining 7,585 were categorized as not misleading. However,
due to X’s content policies, Lisnic et al. only shared tweet IDs rather
than the full content or images. To construct a balanced dataset, we
first attempted to retrieve all 2,373 misleading tweets.

We successfully collected 1,168 misleading tweets; the rest were
unavailable due to removal, privacy settings, or technical issues. We then
collected a random sample of 1,168 tweets from the non-misleading
tweets. In total, our dataset is composed of 2,336 tweets (50%
misleading, 50% not misleading) In accordance with X’s API Terms
of Service, we only release the tweet IDs as supplemental material to
this paper, which allows for the retrieval of content if the tweets remain
publicly accessible.

4 RESULTS
4.1 Findings for RQ1

The first research question asked whether multimodal LLMs can
identify misleading elements in data visualizations. Overall, the results
suggest that the used models are sensitive to misleading cues, but their
performances are unbalanced. In general, they tend to overestimate
the presence of misleading elements, resulting in high recall for
“Misleading” cases but poor recognition of “Not Misleading” ones.
This pattern was evident in the baseline setting of Exp1 and the guided
setting of Exp2, although the precision, recall, and overall quality varied
across models. While this indicates that these models have a baseline
capacity to detect deception in visualizations, their judgments are weak
and highly dependent on prompt design. The following sections present
the results of each experiment in detail.

4.1.1 Experiment 1

The results of EXP1 (Tab. 2) show that both models (gemma3:27b and
gwen2.5v1:72b) have a similar behavior: they are much more effec-
tive at identifying misleading visualizations than correctly classifying
non-misleading ones. There is a relatively high recall for the “Mis-
leading” class (0.89 for gemma3:27b and 0.90 for qwen2.5v1:72b),
contrasted with very low recall for the “Not Misleading” class (0.25
and 0.26, respectively). When visualizations are misleading, both mod-
els were able to capture them with high sensitivity. However, they
tended to be careful and label many correct visualizations as mislead-
ing. The confusion matrices (Tab. 3) provide further insight into this
behavior. For both models, the number of false positives (FP) is consider-
able: gemma3:27b incorrectly classified 879 visualizations as mislead-
ing, while qwen2.5v1:72b misclassified 868. This over-prediction
of misleading visualizations explains the relatively low precision val-
ues (0.54-0.55 for the misleading class), indicating that a significant
fraction of the detected “misleading” cases were accurate. Overall,
both models achieve a comparable performance, with F1-scores of 0.57
(gemma3:27b) and 0.58 (gwen2.5v1:72b), while qwen2.5v1:72b
shows slightly better balance between precision and recall. These find-
ings highlight the limitations of those LLMs when asked to analyze
visualizations without explicit cues about possible deception. Their anal-
yses are strongly biased toward over-identification of misleading content,
which may require a better prompting strategy to achieve better results.

4.1.2 Experiment 2

When models are informed that visualizations might be misleading
(EXP2), their performance diverges. The results in Tab. 4 show that
gemma3:27b achieved very high recall for the “Misleading” class
(0.99), meaning it correctly classifies almost all instances of misleading
visualizations. However, this came at the cost of a high reduced
precision (0.51) and a nearly complete inability to identify ‘“Not
Misleading” cases (recall = 0.03). As confirmed by the confusion matrix
(Tab. 5), gemma3:27b classified almost all inputs as misleading,

Table 2: EXP1: Results

Model Class Precision ~ Recall ~ Fl-score
Not Misleading 0.70 0.25 0.37
. Misleading 0.54 0.89 0.68
gemma3:27b 057
Not Misleading 0.73 0.26 0.38
quen2.5v1:72b Misleading 0.55 0.90 82:

Table 3: EXP1: Confusion matrices for gemma3:27b and
qwen2.5v1:72b. Rows: actual labels, columns: predicted labels.

Actual gemma3:27b qwen2.5v1:72b

U4 | Pred: Not  Pred: Mis | Pred: Not  Pred: Mis
Not TN=289 FP=879 | TN=300 FP=868
Mis FN=125 TP=1043 | FN=112 TP=1056

resulting in too many false positives, and a low overall F1-score (0.51).
In contrast, qwen2.5v1:72b exhibited a more balanced behavior. For
the “Not Misleading” class, it reached a recall of 0.46 and a precision of
0.62, while for the “Misleading” class, it achieved a recall of 0.72 and a
precision of 0.57. The confusion matrix (Tab. 5) shows a better distribu-
tion between true negatives and true positives, despite false negatives and
false positives still remaining influential. The overall F1-score of 0.59
indicates that qwen2.5v1:72b performs better than gemma3:27b.

Table 4: EXP2: Results

Model Class Precision ~ Recall  Fl-score
Not Misleading 0.75 0.03 0.06
i Misleading 0.51 0.99 0.67
gemma3:27b 0.51
Not Misleading 0.62 0.46 0.53
quen2.5v1:72b Misleading 0.57 0.72 32491

Table 5: EXP2: Confusion matrices for gemma3:27b and
qwen2.5v1:72b. Rows: actual labels, columns: predicted labels.

Actual gemma3:27b quwen2.5v1:72b
Pred: Not  Pred: Mis Pred: Not  Pred: Mis

Not TN =38 FP=1130 TN =542 FP =626

Mis FN=13 TP=1155 FN =330 TP =838

4.2 Findings for RQ2

Since qwen2.5v1:72b performed better in classifying misleading
tweets, we focused our analysis of RQ2 and RQ3 on this model.
This analysis considers only visualizations that are misleading and
correctly classified as misleading by the model. As shown in Fig. 1,
the model detected all five rhetorical types, finding cases where a
single rhetorical type was employed and visualizations where different
types were combined. Interestingly, both Procedural Rhetoric and
Provenance Rhetoric never appeared in isolation: the model always
detected their usage in conjunction with other rhetoric types. The
most frequent identified usage pattern is the combination of Mapping
Rhetoric, Linguistic-Based Rhetoric, and Information Access Rhetoric,
which appeared in 294 misleading tweets.

Conversely, only a single tweet (1263011902424219648 Fig. 2)
employed all five rhetoric types simultaneously. Among them, only
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Figure 1: Usage of visualization rhetoric types identified in mis-
leading tweets that have been correctly classified as misleading by
gwen2.5v1:72b.
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Figure 2: Tweet 1263011902424219648. qwen2.5v1:72b identified
the usage of all five types of rhetoric. The model considers misleading
this chart, providing this explanation: “The graph may mislead by
shifting COVID-19 deaths to the winter, which artificially inflates
the peak and exaggerates the difference between the pandemic and
other years”. The model also explained why it has found each type of
rhetoric. Information Access Rhetoric: “The graph includes COVID-19
deaths shifted to winter, which is a specific data manipulation choice”.
Provenance Rhetoric: “The graph does not provide sources, methods, or
assumptions, which could enhance trustworthiness”. Mapping Rhetoric:
“The use of lines to represent weekly deaths and the manipulation of
the COVID-19 data point to mapping rhetoric”. Linguistic-Based
Rhetoric: “The graph lacks titles, labels, or annotations that could guide
interpretation”. Procedural Rhetoric: “The graph is static and does not
include interactive elements or default views”. Among them, the model
considers only Mapping and Procedural Rhetoric as sources of the
misleading content. In addition, the model considers as intentional the
misleading: “The manipulation of data to align with a specific narrative
suggests an intentional effort to emphasize the pandemic’s impact .

mapping and procedural rhetorics are considered to be generators of
misleading visualization. While the motivation of Procedural Rhetorics
seems adequate, it suggests that the model had to be informed that we
are considering a static visualization.

These findings provide initial evidence that multimodal LLMs could
go beyond binary classification of misleading visualization and cope
with the rhetorical dimension of visual misinformation.

4.3 Findings for RQ3

In addition to detecting rhetorical strategies, the model
(qwen2.5v1:72b) also provided short descriptions explaining
why it identified a given rhetorical type in a visualization. This qual-
itative information is important, as it demonstrates that the model labels
the visualizations and also attempts to justify its reasoning. For RQ3, the
model has been asked to recognize the intentionality behind the use of

Spotify Technology S.A. (SPOT)
33896 934 (2.68%)

Figure 3: Tweet 1353286432656244737. qwen2.5v1:72b identified
the usage of four types of rhetoric, all except Procedural Rhetoric.
According to the model, the usage of the rhetoric to produce this
misleading visualization is intentional. The model also explained why
it has found each type of rhetoric. Information Access Rhetoric: “The
chart selectively includes data for specific companies and omits broader
market data, which shapes the viewer’s focus on these companies’
performance. By omitting broader market data, the chart may
mislead viewers about the relative performance of these companies”.
Provenance Rhetoric: “The chart does not provide information about
data sources, methods, or assumptions, which is typical for such
visualizations”. Mapping Rhetoric: “The use of distinct colored lines
and percentage change on the y-axis helps to visually compare the
growth of different companies”. Linguistic Based Rhetoric: “The
caption ’"COVID Misery Index, Winter Wonderland Edition’ uses irony
and playful language to frame the data in a particular way. The ironic
caption may mislead viewers into thinking the chart represents overall
economic misery rather than company growth”. Procedural Rhetoric:
“The chart does not include interactive elements or navigation features”.

rhetorical strategies in producing misleading visualizations. The results,
presented in the upset plots Fig. 6 and Fig. 5 (see Appendix C), show
a breakdown of the overall distribution previously illustrated in Fig. 1. It
seems not to evidence a difference between the two cohorts, hinting at a
similar usage of the combination of rhetorical means for both scenarios
from a quantitative perspective. This also hints at the need to analyze
these results qualitatively, looking at the confidence level and the textual
reasoning provided to link the presence of misleading elements with the
intent. On this line of thought, we preliminarily analyzed some cases.
An illustrative example is reported in Appendix B (see Fig. 4), where
four rhetorical types are present but, according to the model, their usage
does not reflect an explicit intent to mislead. Conversely, Fig. 3 shows
how the model interprets the rhetorical usage as deliberately attempting
to conduct a misleading narrative. These findings indicate that the
model can detect the presence of rhetorical strategies and their potential
intent. While preliminary, this is an encouraging result for RQ3.

4.4 Qualitative analysis on Vis Lies data

To shed more light on qualitative aspects of the analysis on RQ3,
we collected examples of real lies from the VIS Lies website
(https://www.vislies.org/2024/gallery/) for the year 2024
(nine examples) and tested the Qwen2.5-VL:72B model on them. The
complete analysis is reported in Table 6 in Appendix A. Among the
examples, one returned an error, and eight executed correctly. Six were
correctly labeled as misleading (True positives, TP), while two were
considered not misleading (False negatives, FN). We also checked for
both which rhetoric was used and how it related to the explanation
provided on the website from visualization researchers initially propos-
ing the lie. Interestingly, for the TP class, Qwen2.5-VL:72B was able
to correctly identify 8 out of 11 (72.7% accuracy) cues for lying and
mapping them to a visualization rhetoric aspect. The missing threes are
primarily concerned with mapping issues (2 cases) and semantic relation
to the message in the title (linguistics-based, 1 case). This spread was
confirmed even for the FN cases. Of particular interest was Vis Lie 6,
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which Qwen2.5-VL:72B labeled as a case of intentionally misleading
information, citing “The choice of time periods seems deliberate to
emphasize the economic challenge, possibly to influence public percep-
tion” relating it to linguistic and mapping-based rhetoric. Interestingly,
the original researcher proposing it reports that “Grocery prices were
reported as a high contributing factor to the 2024 U.S. presidential
election”. In this case, the use of a model may have hinted at this aspect
to a lay user, demonstrating a benefit in its usage. We plan to expand
on this analysis by considering the whole set of Vis Lies examples.

5 LIMITATIONS AND CONCLUSIONS

This work presented preliminary results of an evaluation of the
capabilities of modern LLMs and VLMs to correctly interpret charts,
being aware of potential errors when a layperson uses them to interpret
charts. We further tested the capabilities of recognizing the intentionality
of the errors and the rhetorical means used to produce the visual lie.
Although some results are interesting, we report their preliminary nature
as a limitation, in terms of both data and models tested. This makes
the reported evidence anecdotal and still not generalizable. In fact, the
reliance on a COVID-19 dataset imposes limitations, as such data could
often reflect recurring rhetorical techniques specific to the pandemic
context; using a broader, more diverse dataset could lead to more
generalizable and robust findings. Additionally, the rhetorical means
analysis needs further expansion to consider more subtle cases and test
the capability to propose a more correct visual representation capable,
by comparison, of visually conveying the misinforming parts. The work
is ongoing, and we plan to continue to address these limitations.
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