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Figure 1: VisQuestions aims to help designers create objective-oriented assessments for their communicative visualizations.
The system allows designers with specific communicative intents to evaluate one or more visualizations by generating multiple
choice questions in a mixed-initiative interface. LLM-based features help generate effective ‘tests’ that can then be deployed to

different platforms.

Abstract

Communicative visualization designers devote few resources to
evaluating their designs. Although general guidelines may guide
them, the uniqueness of each communicative visualization makes
evaluation challenging. Recent research has suggested that model-
ing designer intents as learning objectives can guide the construc-
tion of evaluative assessments. In this paper, we present VisQues-
tions, a system that streamlines the creation of multiple-choice
questions for visualization evaluation. Using source material (e.g.,
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data, notes, prototypes) and contextual data (e.g., captions, annota-
tions, and other text), VisQuestions guides the creation of questions.
The system’s mixed-initiative features can help create or improve
learning objective definitions, questions, and distractors. We report
on the performance of the questions by deploying different visu-
alization designs and quizzes through an online experiment. Our
findings support the utility of the tool for crafting assessments that
can identify how much visualizations support designer intents.
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1 Introduction

Communicative visualizations are powerful tools for conveying
complex data, enabling designers to present facts, insights, and
emotional appeals to diverse audiences. Given the diversity of goals
and the one-off nature of many communicative visualizations, de-
signers are not incentivized to evaluate empirically. Rather, they
rely on existing guidelines to justify designs [6, 9, 10, 16]. However,
these guidelines largely focus on perceptual factors: bar charts are
easier to read because we are better at reading lengths; pie charts
are better for part-versus-whole comparisons, etc. The goals of
communicative visualization often extend beyond perception and
readability. Designers do not aim for audiences to only see the data,
but also to learn and retain key insights. Recent work suggests that
modeling intent as learning objectives (LOs) can better capture
designer goals [1, 20], can be more easily translated to assessments,
and lead to better visualization selection [21].

The learning objective framework, in particular the cognitive
variety [3, 4], describes the desired cognitive impact on the viewer
after seeing the visualization (e.g., the viewer will recall the un-
employment levels in Texas). These objectives engage increasingly
sophisticated cognitive operations and specific types of knowledge
(facts, groupings, procedures, etc.). Critically, design intents stated
as LOs are more easily converted into assessments (e.g., What was
the unemployment level in Texas?). In the same way that student
scores help a teacher understand their teaching effectiveness, visu-
alization assessments can capture the ‘programmatic’ effectiveness
of the visualization. Alternative designs can be evaluated in the
same way, with higher scoring visualizations preferred. Research
has shown that the learning objective framework can help designers
select between competing designs [21].

Unfortunately, learning objectives are often difficult to con-
struct [13, 26, 29]. Even if well-formed, objectives themselves may
be insufficient. Assessment with an audience is critical, as designer
are often unable to intuitively identify the best design [21]. In re-
sponse, we built VisQuestions, a system to help designers craft learn-
ing objectives and assessments in the form of multiple choice ques-
tions. Figure 1 illustrates the basic flow of VisQuestions. VisQues-
tions allows designers to use different work products (e.g., notes,
datasets, captions, annotations, design prototypes, etc.) to specify
objectives for their visualizations, translate these into assessments,
and use these assessments to evaluate one or more visualization al-
ternatives. VisQuestions can optionally utilize Al features to create
or improve both objectives and questions (e.g., by creating better
distractor choices for questions).

We evaluated VisQuestions using: (1) a small population of de-
sign experts (n=7), who constructed a question bank and evaluated
system usability; and (2) a large crowd population (n=1096), who
answered the questions to identify which visualizations best met
the objectives. Our study shows the viability of the LO approach
in evaluating visualizations and the limitations of different types
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of automation. In addition, our work demonstrates the potential
of a designer-focused tool for the creation of objectives and as-
sessments. We discuss how non-visualization work products can
guide this process and in which situations Al can help. Ultimately,
VisQuestions provides a way to translate the theoretical framework
of learning objectives into practice.

2 Related Work

2.1 Evaluating Visualizations

Visualization evaluation varies by task [15, 19]. Heuristic evalua-
tions, guided by predefined principles [12, 38, 45], are cost-effective
but subjective and limited [11, 41]. Combining heuristics with per-
formance metrics provides richer insights [14]. However, align-
ing design intent with user outcomes remains a challenge [21].
Automated heuristics tools [44] assist designers, but gaps persist
in bridging design intent and audience experience. Recently, the
community has developed tools such as EvalBench, ReVisit, and
ETK [2, 7, 42]. These aim to lower these barriers for evaluation by
simplifying the process of creating studies. However, many tools
either emphasize perceptual experiments or are disconnected from
the complex intents that underlie communicative visualizations.

The learning objective framework can begin the process of
evaluating communication visualization. LOs give a structured
approach to defining outcomes across cognitive levels (beyond
perception) [1, 25, 39]. The objectives describe what the viewer
should be able to know or do after viewing the visualization (that is,
the viewer will be able to < the verb> < the verb>). This knowledge
or ability can be directly translated into assessment tasks. Many LO
frameworks build upon Bloom’s Taxonomy, ranging from simple to
complex verbs: Remember, Understand, Apply, Analyze, Evaluate,
and Create [3]. Modern versions also specify knowledge descrip-
tors (the noun): facts, concepts, procedures, and meta-cognitive
knowledge [3]. This framework supports higher-level evaluation
tasks, such as analyzing trends or contrasting patterns, rather than
merely identifying values [1, 25, 39]. For communicative visualiza-
tions, learning objectives articulate design goals and measure the
desired cognitive or emotional impact on audiences [1].

Well-crafted objectives are SMART (Specific, Measurable, Achiev-
able, Relevant, Time-Bound), ensuring consistency and rigor [5, 8,
34]. This approach is particularly suited for communicative visual-
izations where clarity and impact are critical. VisQuestions is built
to help designers translate their intents and goals into learning
objectives. From these, the tool supports the creation of questions
that satisfy our need for (M)easurability.

2.2 Question Generation

VisQuestions allows a designer to manually craft both objectives
and questions. In addition, it provides a number of automated fea-
tures to help. For this, we integrate a number of Al features, includ-
ing large language models (LLMs).

Before LLMS, question generation (QG) was often domain spe-
cific or highly templatized and constrained [18]. More recent tools
facilitate human-AI collaboration, enabling instructors to generate
questions in real time [23]. These mixed-initiative approaches offer
greater control compared to fully automated systems. Generative
Al tools have advanced QG by leveraging LLMs to generate learning
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objectives [40], questions [31, 37], and assessments [24, 27]. With
VisQuestions, we extend these approaches to support communica-
tive visualization designers. While we model designers as ‘teachers’
they are not exactly the same. Their goals are not to evaluate stu-
dents. Additionally, their work products (e.g., data, sketches, etc.)
are different than standard teaching materials.

Our initial version of VisQuestions is focused on multiple choice
questions (MCQs). Although this imposes some constraints on the
assessments we can implement, MCQs are a proven method for
effective knowledge assessment [13, 22]. Unlike traditional QG
systems reliant on lengthy texts, VisQuestions focuses on shorter
inputs, aligning with the needs of communicative visualization as-
sessment. Its mixed-initiative approach allows users to guide model
inputs, ensuring relevance and precision. MCQs are well suited for
the learning objectives commonly seen in communicative visualiza-
tions, especially tasks at lower levels of Bloom’s taxonomy, such as
recall, classification, and comparison [1, 13]. Standard MCQs, con-
sisting of a question stem, a correct answer, and distractors, need
to be well designed [13, 33]. VisQuestions adopts established guide-
lines [13, 22, 36], ensuring alignment with learning objectives, high
quality distractors, and effective generation of questions through
LLM prompting and user training.

3 System Details

VisQuestions offers a front-end web application (Javascript and
HTML) to generate evaluations and a back-end system (Python)
for project management and Al-features. Figure 1 illustrates the
conceptual system workflow and connection of components. All Al
functionalities in VisQuestions are designed to be mixed-initiative,
allowing users to complete tasks independently or override Al
suggestions as needed. Key Al features include: automated learning
objective suggestions with textual component classifications based
on LOs; various forms of automated question and test generation;
and distractor improvement.

3.1 User Interface

Figure 2 illustrates the main components of VisQuestions. The sys-
tem supports multiple simultaneous projects, each allowing the
upload of various assets (A1), such as textual notes, datasets, and
prototype visualizations. The interface is divided into three main
columns: the left column for creating and editing learning objec-
tives, the center for accessing project assets, and the right (A3) for
creating MCQs. A widget at the top (B1) highlights selected datasets
or text as input for the MCQ generator or to guide the designer’s
focus. When selecting text in the assets column, a modal dialogue
provides a summary to refine inputs for question generation (A2).

The question creation form lets the designer associate questions
with objectives (B2), specify target answers (B3), and generate
one or more questions (B4). Users can modify generated content
(e.g. stems and distractors) and regenerate elements as needed. The
finalized questions are added to the database (B5) and linked to
specific visualizations (B6), ensuring alignment between objectives
and visualizations. A deployment window (not shown) facilitates
the distribution of the assessment, ensuring that all objectives are
covered with targeted questions.
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To clarify the use of these components, we introduce Sasha, a
visualization designer, who has been hired to create a visualization
for an article on housing affordability. Since there is space for only
one visualization, she needs to take care that it satisfies the client’s
key objectives. To do this, she must identify and formulate these as
learning objectives, generate assessments, prototype visualizations,
and evaluate their effectiveness. Figure 2 represents this overall
process in the VisQuestions interface.

She uses VisQuestions to create a new project (C). Sasha uploads
the client’s notes and allows the system to generate and classify
learning objectives. She accepts some objectives and adds her own.
Next, she selects a target objective, such as recalling which month
had the highest sale prices. She identifies the key insight in her
notes and selects the relevant sentence. VisQuestions summarizes
the insight, and she inputs the correct answer (‘October’) into the
interface (D). The system then generates assessment questions, in-
cluding distractors, by analyzing both the dataset and project notes.
Sasha can edit or regenerate these as needed. After creating at least
one assessment per objective, she uploads prototype visualizations
and selects which questions to associate with each. VisQuestions
supports different study deployment environments, such as Prolific
and Google Forms. Participants view the visualization, then answer
the questions. With the collected responses, Sasha analyzes the
findings, discusses them with the editor, and iterates on or selects
the final visualization design.

3.2 Objective Generation

Designers can manually add their own objectives to their projects.
VisQuestions helps by guiding them through examples and train-
ing. Additionally, VisQuestions automatically proposes LOs from
project work products (e.g., visualization text, captions, annotations,
notes, etc.) using tailored LLM prompts. The pipeline prompts the
LLM to behave as a professional course designer tasked with gen-
erating up to seven unique objectives, following the format: the
viewer will <verb> <noun>. Verbs like apply or recall are en-
couraged, while vague ones like understand are avoided [1]. The
generated objectives can be manually edited. When text is provided
as work products, VisQuestions classifies sentences likely related
to visualization content under relevant learning objectives. This
is achieved by tokenizing at the sentence level, and using an em-
bedding model [30] to check for similarity. Sentences that do not
seem to fit, are placed in an ‘other’ category (they can be moved or
can inspire a new LO). This process helps to iteratively create and
refine the LOs that reflect that designer’s visualization intent.

3.3 Test Generation

MCQs in VisQuestions consist of a question (stem), a correct an-
swer, and distractors. Users can create all parts manually, or rely
on VisQuestions and provide text ‘snippets’ to guide question gen-
eration. Snippets can be anything: short descriptions of important
insights found in analysis (e.g., ‘unemployment in TX was 5%’); the
potential title or subtitle of visualization the designer is building;
an annotation from the visualization; or even the intended target
answer (e.g., ‘5%’). VisQuestions uses these, in conjunction with
LOs and other work products, to create LO-aligned assessments.
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Figure 2: An overview of VisQuestions’ interface and example walkthrough.

VisQuestions also supports a more complete automation by gen-
erating multiple questions simultaneously given a set of learning
objectives. In this case, we utilize a different prompt to generate
a cohesive ‘exam’ as a test. The prompt explicitly has the LLM
output the reasoning for selecting a specific question in relation to
the learning objective (leveraging chain-of-thought prompts [43]).
For example, for an article about online dating!, VisQuestions sug-
gested a learning objective of: The reader will examine demographic
patterns in filtering choices among online daters. It also identified the
sentence, “Women block 70% of potential matches, compared with 55%
for men, mostly because they tend to exclude users who are shorter or
younger” as being related to this objective. A question it generated
based on this information was: What is the approximate percentage
of potential matches blocked by women and men, respectively? with
the choices: A) Women: 55%, Men: 70% ; B) Women: 70%, Men: 55%;
C) Women: 86%, Men: 48%. Additional details and prompt designs
are provided in the Appendix A.

3.4 Distractor Improvement

VisQuestions addresses issues like overly simplistic or irrelevant
distractors. For example, given the snippet “Colombia had the high-
est Gini coefficient at 54.2 in 2021, a question might be: “Which
country had the highest Gini coefficient in 2021?” Ideally, the LLM
will generate South American distractors such as Brazil or Peru.
However, it could also include irrelevant options like France, mak-
ing the question trivial. Adding context to snippets (e.g., specifying
‘South America’) or using user-provided titles (e.g., “Most unequal
Latin American countries by Gini coefficient”) biases the LLM to
generate more relevant distractors.

!https://www.economist.com/graphic-detail/2023/03/22/online-daters- are-less-
open-minded- than-their-filters-suggest

When a visualization’s source data is available, VisQuestions uses
a SQL-based distractor builder. The builder works in four steps. First,
the database or CSV file is indexed in an embedded database (we use
a SQL embedder from Langchain). Second, we utilize the language
model to transform the question (stem) text to a SQL query. For
example, our test question might become: SELECT _percentage
FROM tempdb_1 WHERE _country = ’Brazil’ AND _response =
’Better off’ LIMIT 5;. When the correct answer is returned (e.g.,
72), we proceed with a third step: modifying the SQL to produce
the wrong answer. Here, each SQL condition is transformed into its
inverse, one at a time (e.g., each = is transformed to a != and vice
versa, each >= to <, and so on). Additional details on this process
are provided in Appendix D.

4 Evaluation and Analysis

To evaluate VisQuestions, we tested whether designers were able
to generate questions that allowed them to assess how well visu-
alization designs achieve learning objectives. Our main study was
conducted in two steps: a design study with professional data visu-
alization designers (n = 7) to evaluate the usability of the system;
and a large-scale study (n = 996) in Prolific to evaluate the effective-
ness of MCQ generated by designers in the first stage. A good test
should help designers differentiate visualizations and measure their
contribution to the envisioned learning objectives. We achieved
this goal by comparing subjects’ performance in MCQs for different
visualization-LO pairs.

4.1 Materials

We modeled two visualization projects based on two design chal-
lenges from Storytelling With Data (SWD)?, a community platform

2https://www.storytellingwithdata.com/
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focused on creating effective communicative visualizations [16].
The challenges involved redesigning visualizations based on dataset:
(1) House Prices (HP) [17]-Home sales data over three years for a
fictional town. (2) Subscription Revenue (SR) [32]-Quarterly target
vs. actual subscription data across industries. Our research team
and the SWD team selected six representative submissions with
diverse design decisions per topic based on the SWD votes and
the diversity of style. We developed three matched learning objec-
tives for each topic and ensured equivalent complexity between
projects [1, 3]. We also created descriptive text summaries of the
data findings.

4.2 Analysis of System Usability

We recruited nine members of the Data Visualization Society, requir-
ing at least one year of visualization experience and a minimum
age of 18. Two participants were excluded as pilot participants,
leaving seven participants with an average of six years of experi-
ence. The details of the position and experience are in Appendix B.
Each participant was compensated with a $60 gift card. Participants
were provided with the learning objectives, text, visualizations, and
datasets via a modified VisQuestions interface.

In a 90-minute individual Zoom session, participants received
an instruction sheet, two practice problems on MCQ design, and
two brief videos on the use of VisQuestions. They then created
questions for one project using the non-Al version of VisQuestions,
followed by a second project with Al features enabled. Project order
was counterbalanced to minimize bias. The task was to create a set
of multiple-choice questions (i.e., a test) given a set of learning ob-
jectives to contrast six different visualization designs. After creating
MCQs, participants linked visualizations to their questions. Each
session ended with an ease of use rating [35], a usability survey [28],
and a semi-structured interview on their experience, opinions on
Al integration, and suggestions for improvement.

Participants rated Al-assisted question generation as easier than
manual generation (6 of 7 participants), with a reported decrease
in difficulty from manual (mean = 4) to Al-assisted (mean = 3.5).
Usability scores indicated that the system was relatively usable
(mean = 68.93, SD = 24.15) on a scale of 0 to 100. Al features im-
proved efficiency, reducing the average time per question (mean =
7.19 to 6.53 minutes) and the final question time (mean = 5.48
to 3.80 minutes). Due to the small sample size, these results are
indicative, but not statistically significant. Two participants used
Al-generated outputs as a foundation. Two highlighted the value of
distractor generation, and four appreciated Al’s ability to provide
inspiration and alternative perspectives. However, five participants
found the interface somewhat cluttered.

4.3 Analysis of Generated Questions

4.3.1 Study Procedure. To validate the constructed tests, we ran a
large-scale study of 1096 participants on Prolific to evaluate how
well each question differentiated various visualization designs. Pro-
lific participants answered six random questions (one for each of
the 3 objectives X 2 projects) in a pre-test and post-test. Pre-test
questions were presented individually, followed by the same ques-
tions in the post-test paired with randomly selected visualizations
(see Appendix C for an example). This setup ensured consistent
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comparisons while minimizing priming effects. Each House Prices
(HP) LO had three Al-generated questions, and each Subscription
Revenue (SR) LO had four. To enhance test robustness and improve
generalizability, in addition to the six visualizations per project
from the first-stage evaluation, we included one additional “opti-
mal” visualization from SWD staff. This ensured that the test also
runs on high-quality design unseen by MCQ creators, who might
be biased by seeing the initial set of six visualizations. In addition
to the question sets from the first stage study, we had the LLM
construct a complete set of multiple-choice questions without hu-
man intervention. These questions were created using an ‘exam
generation’ prompt based on learning objectives (LOs) and textual
content, with raw data refining distractors. This design gives us 3
conditions, human, Al and mixed-initiative.

4.3.2 MCQ Reliability. To evaluate the quality of the questions,
we began by looking at the quality of the answers and distractors.
In an ideal scenario, selecting the correct answer and distractors
in the pre-test should all be equally likely (i.e., a probability of 1/3
here). Comparing the correct ratio in the pre- and post- tests allows
us to assess the learning effect brought by the visualization. We
find that human-generated and Al-generated questions have the
best distractors, with the correct answer chosen 41% of the time
in the pre-test, which is slightly over random chance. A y? test
of independence comparing choices of Al-generated questions to
human-generated questions is not significant, y?(2, N = 4196) =
4.409,p = 0.11. This suggests that Al-generated distractors are
as good as human ones. The mixed-initiative generated questions
are more guessable, with the correct answer chosen 47% of the
time in the pre-test. We find that there is a significant difference
between the human and mixed-initiative distribution of choices
¥2(2,N = 4704) = 19.098, p < .001.

We next measured the internal consistency across question items
within a test with Cronbach’s alpha. For each learning objective of
a task, there are 10-11 multiple-choice questions created of three
types: human, Al, and mixed-initiative. Since they are all designed
for one specific learning objective, they should yield a consistent
ranking of the seven visualizations. We first compute an overall
Cronbach’s alpha for the average score of the seven visualizations
on these 11 questions, and then re-compute Cronbach’s alpha when
this question is dropped from the set. If the Cronbach’s alpha in-
creases when the item is dropped, the question is indicated to be
inconsistent with the rest of the questions. In total, 4 out of 25
human generated questions (16%), 9 out of 24 mixed initiative gen-
erated questions (38%), and 8 out of 21 Al-generated questions
(37%) were identified as inconsistent question items. This finding
highlights the importance of human involvement in communica-
tive visualization. Although every designer manually modified the
MCQs before deploying them, it seems that the AI would introduce
bias and negatively affect the result.

4.3.3 Visualization Performance. Figure 3 displays a heatmap of
test results for each condition. Rows represent the visualizations
and columns are the learning objectives. Each cell is colored by the
average score for questions assigned to that objective. The rows are
ordered by the total score across the three objectives. Thus, the most
successful visualization are at the top (visualization ids, which are
anonymized, are numbered by this rank). The designer can quickly
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Heat map of scores for each visualization
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Figure 3: A heatmap of assessment scores for the two experi-
mental conditions. Each row represents a visualization (e.g.,
HP1, HP2, SR1, SR2, etc.) and each column a learning objec-
tive (e.g., LO1). Cells aggregate the scores for all questions
in that objective. Visualizations are ordered by total score
across all objectives. For example, visualization HP1 does
well across the three objectives, while HP7 does well for LO1
but not LO2 and LO3.

determine which visualization performs the best (assuming that all
LOs are equally important). More critically, the designer would be
able to determine areas of failure and implement fixes. For example,
SR3 would seem to perform well (even better than SR1) with the
exception of LO3. The designer may implement changes to that
specific visualization to improve performance on LO3. Similarly,
the designer can rapidly assess tradeoffs. SR3 may be preferable to
SR1 if LO3 is not particularly important. The designer may also be
able to identify ‘bundles’ of visualizations to optimize performance.
For example, displaying HP7 and HP6 together may yield a similar
or better performance to HP3.

5 Discussion, Limitations, and Future Work

In this paper, we explored how a mixed-initiative system could help
designers evaluate their visualizations by creating MCQs based
on the learning objective framework. Our results support the us-
ability of the system and demonstrate how the MCQs result can
help evaluate visualization performance given designers’ intents.
The current work would benefit from further evaluation and sys-
tem improvements. First, the evaluation has mainly focused on
question generation, while features such as learning objective gen-
eration need further study. An end-to-end evaluation, where de-
signers create visualizations, could offer valuable insights. Second,
VisQuestions struggles with complex inputs, particularly in gen-
erating appropriate distractors for parallel components in lengthy
text. For example, given the input: “Google LLC is an American
multinational technology company focusing on online advertising,
search engine technology, cloud computing, computer software,
artificial intelligence, and consumer electronics,” the system may
generate unrelated distractors like “Network Security, Video Con-
ferencing” Addressing this may require enhanced NLP techniques,
deterministic checks, or advances in LLM models.
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Based on the two-stage evaluation, we also detected several lim-
itations of our current work. Firstly, in our usability evaluation, we
detected that the Al-assisted version only brings a small improve-
ments in the difficulty (4 vs. 3.5) and time-taking scores (5.48 vs.
3.80). Secondly, we were somewhat surprised by the worse MCQ
performance in the mixed-initiative case. One interesting future
direction is to investigate how Al reliance might negatively affect
performance. These results may also be due to a learning curve
to effectively use automation. It is also worth noting that many
participants reported that the interface is too crowded and hard
to use. Participants’ feedback on needing more support during
the Al-enabled sessions suggests the necessity of onboarding and
workflow refinement.

GPT4-V Incorrect ! ~ ..ol. ] .’ beys’ i fl"’! ] ;:.s "‘".'.."..i‘ l

sl Lpans sy i |
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GPT4-V Correct & e e 3% et e, :

Mean Correct (Human)

Figure 4: A visualization of GPT-4v model correctness versus
average human score. Each point represents the average score
for a unique visualization/question pair. The underlying box-
plot captures the overall distribution.

Inspired by the feedback above, we are developing a new version
of the system, VisQuestions 2.0. The new version fixes various issues
with automation, provides a simpler user-friendly interface, and
also improves the adaptability of the system. Firstly, the updated
interface introduces a streamlined “wizard” for uploading assets,
specifying the number and type of generated questions, and export-
ing projects as ReVISit experiments [7] to support more diverse
applications. Secondly, we are aiming to support non-MCQ ques-
tion generation and evaluation of affective (rather than cognitive)
LOs. This would expand the range of projects that VisQuestions
could help with.

In addition to interface updates, VisQuestions 2.0 introduces
Al test-taking to overcome the challenges of conducting user ex-
periments. This feature leverages advanced LLMs (e.g., OpenAl’s
GPT-4V, Google’s Gemini, Anthropic’s Opus) to simulate human re-
sponses to questions paired with visualizations. This enables rapid
iterative testing without requiring full-scale experiments. While
a comprehensive evaluation of this feature is still needed, early
results are encouraging. In initial trials, GPT-4V achieved a 61%
accuracy rate (out of 420 answers), with human-graded scores sig-
nificantly higher when the model’s answers were correct (p < 0.001,
two-tailed ¢-test, see Figure 4).

6 Conclusion

In this paper, we present VisQuestions, a mixed-initiative system
developed to create evaluations for communicative visualizations.
VisQuestions supports designers in creating custom assessments
by which they can contrast, select and improve their visualizations.
Using LLMs-based features, VisQuestions allows users to easily
create multiple-choice questions. Generated questions can be used
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in deployed surveys and evaluations that validate a design’s ef-
fectiveness relative to the designer’s intent (expressed as learning
objectives). By collecting text, visualizations, data and other infor-
mation, VisQuestions can construct well-formed multiple-choice
questions and distractors. Our system offer a way for designers to
leverage the learning objective and assessment ‘model” in commu-
nicative visualizations.
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A Generating Questions Details

VisQuestions will construct a prompt (using a few-shot learning
approach) to generate the question (with or without distractors).
Additional information (e.g., the learning objective or other text
items) can be fed in as context to better steer the generation. A
complete response might look like the following text block. Depend-
ing on which elements the user wants generated, different parts
are masked out and the LLM is tasked with completing the miss-
ing information (e.g., the CORRECT and DISTRACTOR parts might be
omitted).

SNIPPET: Unemployment in the euro area reached
a record high in early 2013.

QUESTION: What was the record high unemployment
rate in the euro area in 2013?

CORRECT: 12%

DISTRACTORS: 15%; 19%

To better direct the LLM to produce good questions, we manu-
ally constructed 69 examples using articles and visualizations from
the Economist’s Graphic Detail site3. Articles on the site are short,
targeted pieces that are anchored on one or more visualizations.
The authors manually selected sample snippets from the article,
generated questions, answers, and distractors for each. The ques-
tions were a combination of standard multiple stem (e.g., When did
X happen?), True/False (e.g., True or False, X happened in 2019.), and
fill in the blank (e.g., X happened in ). All questions were
designed to be likely answered with a visualization. Article snippets
were selected based on what we believed the article and visualiza-
tions focused on. After generating and reviewing 36 questions, we
also began to use LLM to generate new questions for us using the
original questions as examples. These were manually filtered and
corrected as needed and integrated into the example dataset.

When providing a target target answer, the text does not need
to match a word or phrase in the original snippet. We have found
that modern LLMs (GPT-3 and above) do a reasonable job working
outside of these constraints. For example, taking the following
snippet: Over the last decade we have seen Team A dramatically
improve. In contrast, Team B has remained unchanged, we can specify
the target answer as Team A went up, Team B stayed the same. The
target answer is neither a direct quote nor a specific phrase in the
initial snippet. Nevertheless, the LLM can extrapolate from this,
and the resulting question is: How did Team A and Team B change
over the last decade?. Generated distractors include: Team A stayed
the same and Team B went up; Both teams stayed the same.

When providing examples to LLM through the prompt, we do not
provide the complete set of 69. Instead, our current implementation
uses a maximum marginal relevance example selector to select the
training examples for a given snippet input. This selects examples
based on similarity of the given input snippet to the example (based
on cosine similarity of the embeddings), but also penalizes new

3https://www.economist.com/graphic-detail
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examples that are too similar to those already selected. We select

three examples in this way to become part of the prompt.

B System Usability Evaluation Participant
Profiles

Index | Age | Gender | Position Year of Visualiza-
tion Experience
1 25- | Female Senior Software | 14
34 Developer
2 55- | Female Lecturer 8
64
3 18- Female PhD Student 3
24
4 25- | Female Senior Research | 8
34 Assistant
5 35- | Female Startup Co- | 14
44 founder
6 18- Female Data Visualiza- | 2
24 tion Developer
Fellow
7 25- Female Graphic, Informa- | 4
34 tion and Web De-
signer
8 25- | Male Senior Business | 6
34 Intelligence Engi-
neer
9 35- Female Freelance De- | 5
44 signer

Table 1: Participant Demographics and GenAI Experience

C Analysis of Generated Question Example

An example test on Prolific:
Pre-test:
What year had the highest average monthly home sale prices?
A. 2019
B. 2020
C. 2021
Post-test
What year had the highest average monthly home sale prices?
A. 2019
B. 2020
C. 2021
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Hamilton’s house prices are booming in 2021

AVERAGE HOUSE SALE PRICE BY MONTH
20192021

July2021
$565.640
.

10111 July 2021 tho averaso
. <2 $565,640, 12% g
o 0ct2020
oct 2019 472250
$461,567

D SQL Fuzzing

Our SQL-based distractor builder works in four steps. First, the
database or CSV file is indexed in an embedded database (we use a
SQL embedder from Langchain). The index contains both a method
to represent the database and a set of prompts that can transform
natural-language queries into SQL queries (which are subsequently
executed). Every database file in a project is indexed by the system.
In our Brazil example, the dataset contains three columns: country,
percent, and a categorical survey response (better off; about the
same; worse off). In a second step, we ask the language model to
answer the generated question using the database. The question
above is transformed to: SELECT _percentage FROM tempdb_1
WHERE _country = ’Brazil’ AND _response = ’Better off’
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LIMIT 5;. The correct answer (72) is returned when this query
is executed. This tells us that the generated query can target the
correct ‘cell’ in the database.

Our next step is to transform this ‘correct’ SQL statement into
an ‘incorrect’ one to generate alternative answers. Specifically,
we replace each condition in the SQL statement with its inverse,
one at a time (i.e., each = is transformed to a != and vice versa).
In our example above, this leads to two SQL statements: SELECT
_percentage FROM tempdb_1 WHERE _country != ’Brazil’
AND _response = ’Better off’ LIMIT 5; (ie., find the response
percent for countries other than Brazil for ‘Better off”) and SELECT
_percentage FROM tempdb_1 WHERE _country = ’Brazil’ AND
_response != ’Better off’ LIMIT 5; (i.e., find the response
percent for the other answers—about the same, and worse off-from
Brazil). The same procedure is applied to <=, <, >= and > operators.
The result of executing these modified SQL queries provides us a
range of possible distractors, all coming from real data and are
answers to a subtly modified version of the original question.

In some situations, we are unable to find a correct SQL query
in the second step. Here, we have devised a fall-back prompt that
looks for other values in the column where the correct answer
might appear. For example, VisQuestions generates the following
query for the example above: What other unique values appear in the
same column as value *72°?. The resulting SQL is SELECT DISTINCT
_percentage FROM tempdb_1 WHERE _percentage != 72 LIMIT
5;. The result are up to five plausible distractors based on real data
(from which a subset is selected).
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