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This paper examines how well generative AI (GenAI) systems engage in proactive reasoning—whether they can detect problems
on their own, draw on relevant knowledge, and adjust their analysis without explicit instruction. To investigate this, we conducted
an exploratory study focusing on three widely used GenAI systems: ChatGPT, Claude, and Copilot. Each system was asked to
analyze charts intentionally designed to be misleading. We used structured prompts to evaluate whether the systems understood
the chart flaws, applied that understanding proactively when answering both open-ended and closed-ended questions, and how
their performance changed when analyzing the same charts without flaws. Our results show that while GenAI systems can detect
misleading chart designs, they apply that knowledge inconsistently. At times, they correctly identify the flaw and provide an
accurate interpretation. In other cases, they ignore the flaw entirely and confidently present an incorrect analysis. Sometimes
they avoid analyzing the chart at all and instead rely on outside knowledge to answer the question. Overall, the study finds that
while GenAI systems are capable of proactive reasoning, their performances are inconsistent across tasks and prompts. More
research is needed to understand when these systems apply proactive reasoning effectively and how to improve their reliability.
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Introduction

Generative AI (GenAI) is a transformative technology that re-
defines many aspects of how we learn and work. R. He et al.
(2025) define GenAI as “a group of AI algorithms and models
that are capable of producing new content, including texts, im-
ages, videos and problem-solving strategies, with human-like
creativity and adaptability1.” Many applications in science
and in other fields demonstrate GenAI’s transformative nature.
It is used to generate patient-friendly radiology summary re-
ports2, advance climate modeling and prediction3, discover
novel antibiotics effective against resistant pathogens4, per-
sonalize learning5, and detect financial fraud6.

GenAI applications employ generative models, and there
are two common types: LLMs (large language models) and
LMMs (large multimodal models). LLMs can write essays,
answer questions, summarize articles and more. LMMs, on
the other hand, can not only handle text but also images. For
example, LMMs can read a chart and explain what it is show-
ing.

The reasoning of GenAI systems differs fundamentally
from human thinking. Instead of understanding ideas and
logic the way people do, these models learn patterns from
huge amounts of text. When asked a question, they generate
an answer by predicting what words are most likely to come
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next based on those patterns. Because GenAI applications use
probabilities to generate responses, they may give different an-
swers to the same question at different times. They can con-
vincingly and fluently present wrong answers, a well-known
behavior known as hallucinating7. Since these models rely on
pattern recognition rather than true understanding, they can be
creative and helpful but may struggle with tasks that require
consistent reasoning.

Most studies on the reasoning behind GenAI systems have
focused on how they respond to prompts—this is known as
reactive reasoning. In other words, researchers have looked
at how GenAI improves its responses when a user provides
clear instructions (prompts) or examples. However, this pa-
per focuses on a less explored topic: proactive reasoning8; the
unsolicited application of relevant knowledge during task ex-
ecution . What initiative does a generative model take when
solving a problem? Which of its sources of knowledge does it
rely on? Understanding GenAI’s proactive reasoning capabil-
ities is important for several reasons: * It helps us better un-
derstand GenAI’s underlying processes and the gaps that reac-
tive reasoning needs to fill, and (2) GenAI systems are widely
used by everyday users who aren’t trained in prompt engineer-
ing (knowing what prompts to ask). These users typically rely
on simple prompts and depend heavily on the model’s built-in
ability to take initiative rather than taking it themselves.

* We thank an anonymous reviewer for this description.
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As GenAI becomes more integrated into our daily activities,
it’s crucial to understand how it reacts and thinks ahead. The
remainder of this paper is structured as follows. We begin with
a literature review. Next, we outline the design of our research
study, including the research questions we are exploring. Fol-
lowing, we present and analyze the results of our experiment.
Finally, we conclude with a summary of findings, discuss the
study’s limitations, and propose directions for future research.

Literature Review

This paper combines ideas from visual analysis and artifi-
cial intelligence. Visual analysis focuses on how people read
charts and use them to make decisions. Researchers have
closely studied how people process visual information9–11.
Some of this research examines how changes to a chart’s de-
sign can affect the message people take from it9,12,13. For
example, Lo, Gupta, Shigyo, Wu, Berini, and Qu (2022)13

identify seventy-four different ways a chart’s design can be
manipulated. Deceptive charts are visuals that are intention-
ally designed to mislead viewers and distort the conclusions
they draw.

Artificial intelligence (AI) involves building computer sys-
tems that can perform tasks that normally require human in-
telligence. As mentioned earlier, GenAI is a type of AI that
can create new content, such as text, images, or charts, us-
ing large language models14. A growing body of research ex-
amines how GenAI systems can read, interpret, and analyze
charts. For example, Liu et al. (2024)15 study how these sys-
tems extract information from different types of charts. Liu et
al. (2023)16 demonstrate how GenAI systems can efficiently
reason about information in a chart by first converting it into
data tables.

A few studies explore the extent to which GenAI systems
can detect and handle misleading visual designs. Alexander et
al. (2024)17 examine how different prompting techniques af-
fect the accuracy of GenAI systems in detecting specific mis-
leaders. Similarly, Lo and Qu (2025)18 analyze the impact of
different prompting strategies on the ability of GenAI systems
to identify and explain misleading charts. These studies focus
on how GenAI systems respond to prompts. In other words,
researchers have looked at how GenAI improves its responses
when a user provides clear instructions (prompts) or examples.
By contrast, this paper explores proactive reasoning by GenAI
systems in the analysis of misleading charts.

Research Design

This study uses an exploratory research approach because the
proactive use of knowledge by GenAI systems is still a rela-
tively new and poorly understood phenomenon. The goal is

to identify and describe proactive behavior when analyzing
flawed charts and to suggest areas for future research. Because
exploratory research focuses on initial observations, the find-
ings should be considered preliminary. Additional research is
needed to determine how common and reliable these behav-
iors are.

We conducted an experiment in which GenAI systems were
prompted to analyze charts containing intentional design flaws
we created. Successful completion of this task requires GenAI
systems to not only have basic chart interpretation skills but
also an awareness of how visual elements can distort analysis.
Our goal is to examine whether these GenAI systems possess
such knowledge and whether they apply it proactively during
analysis. This section proceeds in four stages: first, we de-
scribe the misleading charts used in the experiment; second,
we outline the specific prompts given to the GenAI systems;
third, we detail this study’s research questions; fourth, we de-
scribe what systems we used and how we set them up.

Misleading Charts

For this experiment, we created three misleading charts. Table
1 displays them in a two-column format, with misleading vi-
sualizations in the left column and their corrected counterparts
in the right column. The misleading features of each chart are
discussed below.

Chart#1. A pie chart shows how an amount is divided into
parts. A slice represents how much a part contributes to the
whole. In Figure 1(A), the chart shows how much grant money
each employee at a pharmaceutical company brought in. Each
slice stands for one employee’s relative share of the total grant
money.

Figure 1(A) uses a three-dimensional (3D) pie chart, a for-
mat known to introduce visual distortions19,20. In particular,
slices positioned near the front of the chart tend to appear
larger than they actually are, while those placed toward the
back seem smaller. For example, Jeff’s portion of the pie
appears exaggerated, whereas Elon’s contribution is visually
minimized. Figure 1(B) displays the same data using a two-
dimensional pie chart, which avoids such distortions.

It should be noted that neither humans nor GenAI can de-
rive the exact underlying numbers from pie charts10. The ac-
tual numbers used to generate this chart are Elon 26.19%, Jeff
25%, Bill 20.24%, Mark 22.62%, and Larry 5.95%.

Chart#2. Figure 1(A) displays a column chart showing
the total number of COVID-related deaths by country, ranked
from highest to lowest. The horizontal axis lists the countries
being compared, while the vertical axis indicates the number
of deaths reported in each country.

Although the chart presents factual data, its design intro-
duces a significant flaw: it gives the misleading impression
that individuals in the United States were more likely to die
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Table 1 Charts

Misleading Charts Correct (Control) Charts

1A 1B

2A 2B

3A 3B

from COVID than those in other countries. This misinterpre-
tation stems from a well-documented issue known as denomi-
nator distortion20, which occurs when raw totals are presented
without accounting for relevant context—such as differences
in population size amongst the listed countries. Figure 1(B)
offers a corrected version of the chart. By adjusting the data

to reflect deaths per capita, the rankings shift considerably,
providing a more accurate and meaningful comparison across
countries.

Chart#3. Line charts are commonly used to show how a
particular value changes over time. In these charts, the vertical
axis (Y-axis) usually represents the variable being measured,
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while the horizontal axis (X-axis) shows the time intervals.
In Figure 1(A), the chart tracks funding amounts over mul-

tiple years, allowing viewers to observe trends and shifts. The
design flaw in this chart lies in the inversion of the Y-axis:
higher values are positioned at the bottom, while lower values
appear at the top. This reversal is widely recognized as mis-
leading21. In standard visual conventions, upward movement
typically signifies growth or improvement, whereas downward
movement suggests decline. By flipping the axis, the chart dis-
torts this familiar pattern, making a decrease in funding appear
as an upward trend and thereby misrepresenting the underly-
ing data. Figure 1(B) presents the corrected version of the
chart. The negative funding trend becomes clear when the Y-
axis is displayed conventionally, with higher values at the top.

The flawed design of the three charts (left column of Table
1) is intentional and tailored to the goals of our study. In addi-
tion, charts 1 and 3 are fictional to ensure that GenAI systems
cannot rely on prior knowledge and must instead reason solely
from the visual information presented.

Prompts

This study investigates proactive reasoning in GenAI systems
by examining how they interpret and respond to charts that
contain misleading design elements. To guide this investiga-
tion, we developed the following structured set of prompts.
Prompts applied to misleading charts:

• P1. Is this a misleading chart?

• P2. What insights can you generate from this chart?

• P2f. Did you consider the chart’s misleading design?
The prompts in Table 2 are used for this purpose. †

• P3. Chart-specific prompts that require a single correct
answer (deterministic). The prompts in Table 3 are used
for this purpose.

• P3f. Did you consider the chart’s misleading design?
The questions in Table 2 are used for this purpose.

Prompts applied to correct charts:

• P4. Chart-specific prompts that require a single correct
answer (deterministic). The prompts in Table 3 are used
for this purpose.

Table 4 shows the full prompt structure used for each of the
three GenAI systems in the experiment.

† Although this kind of introspective explanation is useful for exploratory re-
search, it may itself contain hallucinations and therefore not accurately reflect
the reasoning process the GenAI system actually used to answer the question.

Table 2 Chart-Specific Follow-Up Prompts

Chart# Follow-Up Question
1 Did you notice that this is a 3D chart, which can

distort how the data are perceived?
2 Did you notice that the numbers are misleading if

the population is not being considered?
3 Did you notice that the Y-axis is inverted?

Research Questions

The prompts were developed to investigate research questions
about how GenAI systems reason proactively. We used the
exact same prompts for all three systems. Below, we will ex-
amine each research question in more detail and explain how
it contributes to our research.

RQ1: What relevant knowledge does the GenAI system
possess for solving the problem?

Before evaluating how effectively a GenAI system applies
its understanding, we must first determine what it knows. This
initial step establishes a baseline for assessing its reasoning.
Prompt P1 is designed to determine whether a system can
identify the presence of a design flaw. Based on GenAI’s re-
sponse, we classify the outcome as either:

Yes – the GenAI system correctly identifies the flaw in the
chart’s design and/or provides an accurate explanation.

No – the GenAI system does not recognize the flaw and/or
does not explain it correctly.

RQ2: How effectively does the GenAI system proac-
tively apply its knowledge when responding to open-ended
questions?

This research question evaluates a GenAI system’s ability to
extract meaningful information from a chart despite its flawed
design. We use prompts P2 and P2f to assess this. These
prompts ask the system to analyze the chart (P2) and assess
whether it uses its knowledge of the chart’s design flaw (P2f).
Based on the responses, we classify the GenAI system’s per-
formance into four categories:

No / No – The analysis is inaccurate, and the GenAI system
does not use its knowledge about the design flaw.

No / Yes – The analysis is inaccurate, but the GenAI system
uses its knowledge about the design flaw.

Yes / No – The analysis is accurate, but the GenAI system
does not use its knowledge about the design flaw.

Yes / Yes – The analysis is accurate, and the GenAI system
uses its knowledge of the design flaw.

RQ#3: How effectively does the GenAI system proac-
tively apply its knowledge when responding to closed-
ended questions?

This research question examines whether a GenAI system’s
answer to a deterministic question is accurate and accounts for
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Table 3 Chart-Specific Prompts

Chart# Deterministic Question Expected Outcomes
1 At the end of the year, you plan to distribute a $10,000

bonus among five employees, proportionate to the grant
revenue each has generated. How would you fairly
allocate the bonus—both in percentages and dollar
amounts—across the team?

Elon $2,619, Jeff $2,500, Mark $2,262, Bill
$2,024, Larry $595. These are the actual numbers
used to generate the chart. However, these
numbers or their related percentages cannot be
determined from a pie chart.

2 In what country are you most likely to die from Covid? It is impossible to answer this question without
knowing the population size.

3 Given the trend during the last 10 years, do you expect
funding to grow or to decline in the next five years?

Decline.

Table 4 Full Prompt Structure

Chart# Prompt# Prompt
1 P1 Is this a misleading chart?
1 P2 What insights can you generate from this chart?
1 P2f Did you notice that this is a 3D chart, which can distort how the data are perceived?
1 P3 At the end of the year, you plan to distribute a $10,000 bonus among five employees, proportionate to

the grant revenue each has generated. How would you fairly allocate the bonus—both in percentages
and dollar amounts—across the team?

1 P3f Did you notice that this is a 3D chart, which can distort how the data are perceived?
1 P4 At the end of the year, you plan to distribute a $10,000 bonus among five employees, proportionate to

the grant revenue each has generated. How would you fairly allocate the bonus—both in percentages
and dollar amounts—across the team?

2 P1 Is this a misleading chart?
2 P2 What insights can you generate from this chart?
2 P2f Did you notice that the numbers are misleading if the population is not being considered?
2 P3 In what country are you most likely to die from Covid?
2 P3f Did you notice that the numbers are misleading if the population is not being considered?
2 P4 In what country are you most likely to die from Covid?
3 P1 Is this a misleading chart?
3 P2 What insights can you generate from this chart?
3 P2f Did you notice that the Y-axis is inverted?
3 P3 Given the trend during the last 10 years, do you expect funding to grow or to decline in the next five

years?
3 P3f Did you notice that the Y-axis is inverted?
3 P4 Given the trend during the last 10 years, do you expect funding to grow or to decline in the next five

years?

the chart’s design flaw. We use prompts P3 and P3f to evaluate
this. These prompts ask the system to answer a chart-specific
question (P3) and assess whether it uses its knowledge of the
chart’s design flaw (P3f). Based on the responses, we classify
the system’s performance into four categories:

No / No – The answer is incorrect, and the GenAI system
does not use its knowledge about the design flaw.

No / Yes – The answer is incorrect, but the GenAI system
uses its knowledge about the design flaw.

Yes / No – The answer is correct, but the GenAI system
does not use its knowledge about the design flaw.

Yes / Yes – The answer is correct, and the GenAI system
uses its knowledge of the design flaw.

RQ#4: Can the GenAI system solve the problem?
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This question explores whether a GenAI system can accu-
rately answer a chart-specific question when given the cor-
rect chart. P4 is designed to provide us with this information.
Based on its response, we can classify the outcome as Yes or
No.

Software Setup

We ran our experiment using three GenAI systems: ChatGPT,
Claude, and Copilot. ChatGPT is a GenAI system developed
by OpenAI, and we used the GPT-5-powered version, which
was released on August 7, 2025. Claude is a GenAI system
developed by Anthropic, and we used Sonnet 4.5, which was
released on September 29, 2025. ChatGPT and Claude follow
a discrete release model with periodic, major version drops.
Copilot is a GenAI system developed by Microsoft. We used
the November 1st, 2025 version. Copilot follows a continuous
deployment model with ongoing updates and no public ver-
sion numbers. All three systems are multimodal and have the
ability to upload and analyze charts.

We created the charts using Excel and Power BI, took
screenshots of them, saved them, and then imported them into
each GenAI system.

GenAI systems have memory capabilities. We wanted to
ensure that prompts were not affected by other prompts or pre-
vious related conversations with the systems. Therefore, we
used different memory reset mechanisms specific to each sys-
tem. For ChatGPT, we ran our sessions ‡ in incognito mode.
For Claude, we started a new conversation for each session.
For CoPilot, we manually cleaned the memory for each ses-
sion. At the beginning of each session, we asked the GenAI
system what was in its memory to confirm it was empty.

Results and Discussion

Table 5 shows the results of our experiment. It follows the
prompt structure shown in Table 4. Each chart was tested with
six prompts. Prompt 1 addresses RQ1; Prompts 2 and 2f ad-
dress RQ2; Prompts 3 and 3f address RQ3; and Prompt 4 ad-
dresses RQ4. The same set of 18 prompts was used for each
GenAI system. Overall, the three systems showed similar pat-
terns. The main differences appeared in ChatGPT’s responses
to Chart 2, Prompts 3 and 3f, and Chart 3, Prompt 2f. We
discuss these results in more detail below.

RQ1. All three GenAI systems demonstrated their under-
standing of basic chart design principles and the ability to spot
flaws that could mislead analysis. For example, with regard to
chart#1, ChatGPT states that “The 3D perspective creates vi-
sual distortion. Segments closer to the viewer appear much

‡ For the purpose of this paper, we define a session as a conversation with a
GenAI system centered on a single research question.

larger than they actually are, while those farther back appear
smaller §. ” The responses provided by the three GenAI sys-
tems were notably consistent, indicating comparable expertise
in chart design principles.

RQ2. We observed inconsistent behavior when the sys-
tems answered the open-ended questions. All three systems
identified a design flaw in the second chart (2A) but largely
overlooked the issues in the remaining two charts — even
though they knew of those flaws (as shown by the responses
to P1). For example, for chart#1, we asked: “Did you notice
that this is a 3D chart, which can distort how the data are per-
ceived?” Where applicable, we also explicitly asked whether
they used their knowledge regarding misleading chart design
in their reasoning. For charts 1 and 3, the systems confirmed
that they had the knowledge but wouldn’t use it unless encour-
aged to do so. Although this kind of introspective explanation
is useful for exploratory research, it may itself lead to halluci-
nations and therefore may not accurately reflect the reasoning
process the GenAI system actually used to answer the ques-
tion. Concerning chart#1, ChatGPT stated: “I didn’t explic-
itly take the 3D distortion into account in my initial analysis.
I made observations based on the apparent size of the slices
without considering how the 3D effect might skew those ob-
servations.” Concerning the same chart, Claude stated: “This
is a good lesson in critical thinking - when analyzing data visu-
alizations, the first step should always be evaluating whether
the chart design allows for accurate interpretation.” An ex-
ception to this behavior occurred when ChatGPT proactively
identified the inverted Y-axis for chart#3. However, although
it identified the issue, its analysis was still incorrect: “Funding
shows a general increase from 2014 to 2024”.

These observations suggest that GenAI systems do not con-
sistently apply relevant knowledge proactively when answer-
ing open-ended questions. In some cases, the systems ap-
peared able to recognize a design flaw when asked directly
but did not use that knowledge on their own during the initial
analysis.

The responses associated with RQ2 also revealed two addi-
tional behaviors. First, the GenAI systems produced halluci-
nated responses when analyzing flawed charts. For chart#1, all
three systems discussed strategic implications, starting from
their incorrect analysis. For example, Claude mentions a “sig-
nificant revenue concentration risk with Jeff generating such
a large portion,” while Elon’s portion is slightly larger (1B).
Also, after being asked whether it considered the 3D distor-
tion in its reasoning, Claude stated: “I presented detailed in-
sights as if they were reliable when they were based on a fun-
damentally flawed visualization.” Second, the systems some-
times relied on external knowledge (beyond what was shown
in the chart) to accurately answer the prompts. For example,

§ Particularly referring to the “Elon” section.
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Table 5 Experimental Results
Copilot ChatGPT Claude

RQ1 RQ2 RQ3 RQ4 RQ1 RQ2 RQ3 RQ4 RQ1 RQ2 RQ3 RQ4
P1 P2 P2f P3 P3f P4 P1 P2 P2f P3 P3f P4 P1 P2 P2f P3 P3f P4

1 Y N N N N N Y N N N N N Y N N N N N
2 Y Y Y Y Y Y Y Y Y N N Y Y Y Y Y Y Y
3 Y N N N N Y Y N Y N N Y Y N N N N Y

when analyzing chart#2, Copilot proactively employed addi-
tional knowledge in its reasoning. More specifically, it men-
tioned information about a country’s population size: “Peru,
with a population of around 34 million, had a disproportion-
ately high death rate when adjusted per capita.” When asked
about its reasoning, Copilot further shared that “When I an-
alyzed the chart, I considered not just the raw numbers but
also the implications of comparing countries with vastly dif-
ferent population sizes.” This reasoning applied only to the
chart displaying real-life data. The systems can’t possess any
additional knowledge regarding the fictitious examples.

RQ3. Overall, the system’s reasoning behavior did not
change much when we asked closed-ended questions. How-
ever, two behaviors are worth mentioning. First, Copilot
again proactively applied additional knowledge when analyz-
ing chart #2. It identified the issue and then presented an anal-
ysis based on “the most recent global data”, ignoring the data
provided in the chart. Second, while ChatGPT correctly iden-
tified the design issue for chart#3 when asked an open-ended
question (RQ2), it no longer did when asked a closed-ended
question (RQ3). These behaviors demonstrate inconsistencies
in proactive reasoning across and within systems.

RQ4. The responses for P4 were consistent across systems,
but the answers provided for chart#1 require additional at-
tention. Humans can’t derive accurate percentages from pie
charts22. The same is true for GenAI systems. None of the
systems should be able to determine the correct percentages
or even rank the employees in the correct order since it was
not provided. However, the incorrect results—the answers that
GenAI made up on their own—were presented convincingly,
another instance of hallucination and thus unreliable insights.

Conclusions and Further Research Directions

This paper investigates the proactive reasoning ability of
GenAI systems. Using an experiment with misleading charts,
we observed several reasoning behaviors. First, GenAI sys-
tems can identify and explain design flaws in charts. Sec-
ond, the systems demonstrate proactive reasoning but do so
inconsistently. Sometimes they use relevant knowledge about
misleading chart designs, and sometimes they do not. Third,
the way questions are framed—whether open-ended or closed-

ended—had only a small effect on the results. Fourth, in
some cases, the systems seemed to ignore the design flaws and
still gave accurate insights by relying on outside information.
Fifth, the GenAI systems were prone to hallucinations when
analyzing misleading charts, sometimes presenting incorrect
information convincingly.

Overall, this paper suggests that GenAI systems can help
users spot possible flaws in charts before they are used to sup-
port decisions. This may be especially helpful for less expe-
rienced analysts, who may not notice these problems on their
own. At the same time, the experiment showed that the sys-
tems are not always reliable or consistent, so their responses
should be checked carefully. In practice, these systems should
support human judgment, not replace it.

Although the study points to several interesting behavioral
patterns, the findings should be interpreted with caution given
the study’s limitations. These limitations also help shape the
future research agenda.

First, our findings are based on three types of misleading
charts: a 3D pie chart, denominator distortion, and an inverted
Y-axis. They were chosen to test whether GenAI systems
would detect common visual problems and adjust their rea-
soning accordingly. Previous research has shown that there
are dozens of possible chart flaws13. A broader set of charts
would likely lead to richer and more reliable insights.

Second, we tested only three GenAI systems: ChatGPT,
Claude, and Copilot. These are widely used, but they do
not represent the wider range of systems available. Future
research should include additional systems, such as Gemini
and Grok, to determine whether the behaviors we observed
are common across systems or specific to certain systems.

Third, we ran each set of prompts only once for each sys-
tem. While this produced useful insights, a single run is not
enough to support broader conclusions about the systems’ be-
haviors. Prior studies suggest that this would require many
more runs23. Future research could examine each of the be-
haviors identified in this paper through larger-scale empirical
studies.

Fourth, we intentionally used simple prompts to test
whether the systems would apply relevant knowledge on their
own, without strong guidance from the user. This choice fits
our focus on proactive reasoning. However, it also leaves
open an important question: would the results change if the
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prompts were more detailed or if techniques such as retrieval-
augmented generation (RAG)24,25 were used to give the sys-
tems access to external knowledge sources? Future research
should investigate this question further.

Fifth, another way to improve the analysis would be to ex-
amine the confidence levels reported by the GenAI systems
in their responses. This would show not only whether an an-
swer was correct or incorrect, but also how certain the system
was when giving it. A confidence-based analysis could reveal
important patterns, such as cases where a system gives an in-
correct answer with high confidence or a correct answer with
low confidence.

Sixth, other factors—such as the quality and format of the
screenshots and interface behavior—may also have influenced
the results of our experiment. Future studies could system-
atically vary these conditions to better understand how they
affect the performance of GenAI systems in visual analysis.
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