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Abstract. As Generative Artificial Intelligence (GenAI) is becoming
ubiquitous across learning domains, it is crucial to better understand
how learning experiences could take advantage of its possibilities and
avoid its pitfalls. In this paper, we address this issue by focusing on the
context of a data visualization course. What makes this context unique
is its combination of two areas where GenAI has shown notable effec-
tiveness: writing code and storytelling. To evaluate how undergraduate
students would leverage GenAI in this context, we conducted an in-
class between-subjects experiment (N=43) with a control (no GenAI)
and treatment group (with GenAI). In the 60-minute experiment, stu-
dents from the data visualization course were asked to prepare a data
story within Jupyter Notebook, including both textual story elements
and data visualization. In addition to these two groups, we included AI-
only group in which task instructions were given directly to a GenAI
tool without further human intervention. The results of our experiment
indicate that students perceive GenAI as a tool improving both their
learning experience and outcomes. However, an analysis of the learning
outcomes exhibits no statistically significant difference between creations
of students with or without GenAI support. Interestingly, the outputs
generated by GenAI alone outperformed those of both student groups.
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1 Introduction

Generative Artificial Intelligence (GenAI) has taken over the world in the short
two years since the public release of ChatGPT. The fields of learning and edu-
cation are no exception, with GenAI affecting everything from assessment and
authorship to learning tools and tutoring.

Even before GenAI, chatbots have already been investigated for a while in the
learning context, as they can help with everything from content integration and
access to increasing motivation, maximizing student abilities and engagement [2],
providing rapid assistance [23], and saving time overall [31]. These chatbots
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have become increasingly popular in education, largely because of their ability
to improve the learning experience [32]. They simulate human conversation,
allowing students to interact through natural language. These tools can make it
easier to access learning materials, boost motivation and engagement, support
large numbers of users at once, and provide instant help when needed [23].
They are also used as virtual assistants, helping with academic or administrative
tasks [37], or answering common questions to create a more personalized and
helpful experience [28,35,31].

With the rise of GenAI, a multitude of studies have investigated how this
technology can be used in various computational thinking contexts such as Data-
Oriented Programming, Python for Data Analysis, and Computational Thinking
[29,46,8,26,25,17]. Other studies investigate AI’s role in a variety of broad IT
and programming-related courses, such as database management, text mining,
computer networks and software testing [9,34,11,20,44,18,36]. GenAI allows for
the creation of customized learning experiences tailored to individual students’
needs, leading to improved learning outcomes [38,24]. It elevates efficiency and
productivity by enabling greater task automation and fostering co-creation be-
tween humans and AI [39,27]. By handling routine tasks and content delivery, it
also frees up educators to concentrate on higher-order thinking skills and provide
more meaningful mentorship [6].

Data science is particularly impacted by GenAI as most coders3 in the indus-
try use GenAI tools as part of their workflows [14]. Some authors see the future as
moving from writing code to prompting AI to write code for them [42]. Coders
will focus more on quality control rather than syntactic errors [4]. As GenAI
seems particularly well suited both for writing code and writing stories [4,45],
it could potentially be leveraged to make it easier to craft such data stories [43]
and make this task more accessible for less technically oriented individuals [1].
As such, it is crucial to better understand how learners can take advantage of
the possibilities of GenAI to craft data stories and avoid their pitfalls [7]. In this
paper, we tackle this issue by addressing the following question:

RQ: How can GenAI tools support learners in crafting data visualization stories?

To answer this question, this paper is structured as follows: Section 2 presents
the related work, Section 3 the methodology, and Section 4 the results. Then
Section 5 discusses the findings before Section 6 wraps up with a conlusion.

2 Related work
Several studies specifically investigated the use of GenAI tools for data visual-
ization in educational contexts [41,21,15,5,3].

In terms of methodology, these studies range from a prospective critical anal-
ysis of a single author (N = 1) [3], to interview studies of several participants
(N = 10) [5], to multimodal studies with repeated measure experiments in class
3 https://survey.stackoverflow.co/2023/#section-sentiment-and-usage-ai-
tools-in-the-development-process

https://survey.stackoverflow.co/2023/#section-sentiment-and-usage-ai-tools-in-the-development-process
https://survey.stackoverflow.co/2023/#section-sentiment-and-usage-ai-tools-in-the-development-process
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(N = 59 and N = 26) [41,15] or in the lab (N = 39) [21]. In these studies, the fo-
cus was generally solely on coding visualizations, rather than on the combination
of storytelling with coding. Most studies did not investigate different conditions
comparing a GenAI-augmented learning experience with a non-augmented one.
Nonetheless, one study conducted a within-subjects experiment where students
experienced several conditions with and without GenAI in the classroom [41].

In terms of findings, the studies explored how students used GenAI when
they had access to it. They established that participants predominantly used
it for coding assistance [15]. Reported benefits included both efficiency-related
improvements, such as time savings, and enhanced learning outcomes [15,41].
Moreover, previous results suggested that GenAI could play an important role
in broadening data analysis access as it was found to increase confidence [15]
and lower the technical threshold for creating visualizations and conducting ex-
ploratory data analysis [3,21]. Most studies found positive user feedback [41,21].
Efficiency and lower access barriers could encourage creativity, as they allow
for rapid prototyping and iterative refinement [5]. Among the identified risks,
research mentions inaccuracies in GenAI outputs, difficulty in effectively prompt-
ing the tool, as well as concerns about over-reliance [15,3].

These studies provide promising preliminary findings and hint at open re-
search gaps. First, while some studies included data narratives or storytelling in
their task description, it is not clear how GenAI improves these aspects. Second,
it is still unclear how a GenAI-augmented learning experience compares quan-
titatively with a learning experience without GenAI in terms of both students’
perceived task efficiency and actual performance. This paper will aim to address
these gaps by (1) setting up a task combining storytelling and data analysis and
(2) conducting a between-subject experiment in the wild to better understand
outcomes quantitatively.

3 Methodology
The study takes an experimental design approach in the wild. As such, we de-
signed a controlled experiment with a treatment group in which students had
access to GenAI (HAI, where H stands for humans) and a control group in which
students were alone (H). This design allows for a between-group comparison. We
gathered data in a multi-modal fashion, combining student surveys with learn-
ing outcomes and log data from chatbot conversations. In addition to these two
groups, we also created a third group (AI) in which GenAI operated alone, based
only on an initial human prompt, to investigate how it approaches the task with
minimal human intervention.

3.1 Pedagogical scenario

As part of their final assignment for an undergraduate Data Visualization course,
students were asked to prepare a Jupyter Notebook file containing annotated
data visualizations in the context of a charity donation request. The dataset,
sourced from https://www.gapminder.org, includes yearly values (2000–2022)
for four indicators–access to water, sanitation, internet, and extreme poverty–
across a selection of developing countries. The selected developing countries

https://www.gapminder.org


4 V. Macko et al.

were intentionally chosen in order to showcase the continuous improvement of
the measured variables. To highlight a stark contrast, we also included a non-
developing country with the highest Human Development Index in 2024, offering
a benchmark against the data from developing countries. Figure 1 shows the 60-
minute assignment description.
- Assignment -- You are a data visualization expert , and you have received a

request from a local charity to prepare convincing support material for
their campaign. Leaflets will be designed later on in the campaign based
on your essential input. You should now:

- Prepare a simple but complete Jupyter Notebook file (. ipynb) that contains
a captivating title , two commented , professionally looking Python
visualizations using the provided data and a catchy punchline at the end.
Limit the total text amount to 2 sentences per visualization at maximum.
The notebook should contain all the Python code needed for their
construction (the notebook is self -sufficient).

- Also , include a textual description of a suggestion of 1 illustrative
photograph that should be included to enhance the impact of your
visualizations (do not include the image , just describe how it should
look). No other files should be prepared.

- Keep in mind that the main goal is to use storytelling to convince the
general public that their contributions to charity make a real difference ,
and therefore , they should contribute. Only the data from the provided
dataset (CharityDataset.csv) can be used in the visualizations , and no
other sources should be included.

- Markdown cells can be used in the Jupyter notebook to include text
comments. The text comments should be factually correct and should be
related to the visualization presented. All visualizations should respect
all the Visual design principles , and all good practices of data
visualization should be followed .}

Fig. 1. Study assigmnent description

3.2 Procedure

The experiment was conducted during the final class of the Data Visualization
course taught in French. The participants were bachelor students in data sci-
ence, economics, and digital humanities. Out of 54 students taking this class, 46
students voluntarily participated in this study. They received a financial com-
pensation equivalent to USD 10.

At the beginning of the class, students were randomly assigned to two groups
based on the numbers they drew from an envelope. Groups were then placed in
two different classrooms. All participants were presented with the same assign-
ment description. This assignment was scored for study purposes but did not
impact the students’ grades for the course. The only difference between the
groups was that group HAI was encouraged to use a GenAI tool such as Chat-
GPT or Copilot to help them to solve the task, while group H was explicitly
asked not to use any AI tool and use only their knowledge and internet search
engines to solve the tasks. Furthermore, group AI was generated by submitting
the assignment description (in Figure 1) to ChatGPT4-o. To ensure coherence
with the student notebooks, the following sentence was added at the end of the
description: Make sure you produce a Python Jupyter notebook with content in
French that can be run. We prompted the model 50 times, resulting in 50 dif-
ferent Jupyter Notebook files. We removed files that did not meet the expected
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format (.ipynb) or those that could not be opened (24 occurrences in total).
Accepted files (N = 26) from the AI group were then renamed for anonymity
before they were scored. The study was approved by our ethics board.

3.3 Measures

We gathered data from three main sources: surveys to inquire about demograph-
ics and to measure student attitudes about the learning process, task output
inspection to measure learning outcomes, and chatbot conversations to measure
learning process behaviour for students in the HAI group. We also measured the
level of academic performance by collecting their final course grade.

Learning outcome metrics. Two co-authors, who were not involved in the cre-
ation of AI-only group files, analyzed all anonymized notebooks from all three
groups. Each notebook was evaluated along five main dimensions (Visual quality,
Storytelling, Illustration Quality, Content relevance, and Notebook quality) on
a scale from 1 (poor) to 5 (excellent) and combined into an average Assignment
score. The measures relied on students adequately including visual design prin-
ciples in their productions, as well as following standard storytelling approaches
covered in the course [12]. The relevance of the visualization and illustration is
evaluated based on how fitting it is to a leaflet showing the impact of a charita-
ble organization. For instance, line charts showing evolution over the years are
considered a suitable type of visualization. In contrast, pie-charts or bar-charts
showing only the differences between measures in different countries in a single
year are less relevant. Finally, notebook quality was assessed based on how ef-
fectively it was used to structure the assignment, such as organizing information
clearly, grouping related content, and separating code from narrative text.

Two independent experts graded the notebooks. We measured inter-rater
reliability on the total score for each notebook using the quadratic weighted
Cohen κ and Pearson correlation. The results of a quadratic weighted Cohen’s κ
(κ = 0.690), and a Pearson correlation (r = 0.827, p < 0.001) showed acceptable
agreement between experts.

Learning process metrics. For the learning process, we used the items of the
NASA task load index (NASA TLX [10]): Mental Demand, which assesses how
mentally demanding the students perceived the task to be, Physical Demand ;
which assesses how physically demanding the students perceived the task to be;
Temporal Demand, which assesses how time-pressured or hurried the students felt
during the task; Perceived Performance, which assesses how successful students
believed they were in completing the task (this item is reverse in a Failure item
to calculate the combined TLX score); Effort, which assesses how much effort
students felt they needed to invest to complete the task; and Frustration, which
assesses the degree to which students felt frustrated, stressed, or discouraged
during the task. The items are combined to create an index from 0-100.

Usefulness metrics. To evaluate the attitudes towards the usefulness of the
GenAI tool, we developed a 4-item TAM-based questionnaire [19] with items
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that asked about: (1) How useful GenAI was for this task, (2) how GenAI helped
improve the quality of work, (3) how effective GenAI was to reducing the time
spent on the task, and (4) if the student would want to use GenAI in the future
for similar tasks.

4 Results

A total of 69 Jupyter notebooks were included in the study, with 22 assigned
to the H group, 21 to the HAI group, and 26 to the AI group. As illustrated in
Figure 2, the two student groups were comparable in terms of age, with a mean
age of 23.55 years (SD = 5.57) in the H group and 21.48 years (SD = 2.93) in
the HAI group. Gender distribution was balanced across groups, with 36% female
in the H group and 33% female in the HAI group. No significant differences were
found between groups in demographics, i.e., Age (t = 1.54, p = .135) and Gender
(z = 0.21, p = .835) or academic achievement, i.e, Grade (t = 1.35, p = .186).

4.1 Learning outcomes (H vs. HAI vs. AI)

We conducted a one-way analysis of variance (ANOVA) to compare the effects
of three experimental conditions (H, HAI, and AI) on the Assignment Score.
The results are visualized in boxplots with significance levels in Figure 3 for the
Assignment Score as well as for each of its five dimensions. The results show a
significant difference between the groups for the Assignment Score (F = 10.466,
p = .0001). This significant difference is also found in three out of five dimensions
of the score (Storytelling, Illustration quality, and Notebook quality). Visually,
it seems that for the Assignment Score, as well as for its composing dimensions,
the more automated the task (moving from all humans to all AI), the better the
score. To confirm this intuition, we conducted a post hoc Tukey HSD test for
the Assignment Score (see Table 1).

The results show that the AI group appears to be significantly superior to
the other groups with very large effect sizes (Cohen’s d > 1.0). Interestingly,
the results do not detect any significant differences between the AI+H and the
H groups. It should be noted that when conducting this post hoc analysis on
the composing dimension of the Assignment Score, a similar picture arises, AI
scores significantly better than both other groups on the Storytelling score, the
notebook quality and the illustrative quality. However, except for the Illustration
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Fig. 2. Comparison of baseline characteristics between the H (N=22) and HAI (N=21)
groups with p values.



Augmenting Active Learning with GenAI 7

H HAI AI
1.0

1.5

2.0

2.5

3.0

3.5

4.0

4.5

5.0

To
ta

l S
co

re

Assigment score ***

H HAI AI

Storytelling Score **

H HAI AI

Illustration Quality ***

H HAI AI

Notebook Quality ***

H HAI AI

Visual Quality 

H HAI AI

Content Relevance 

Fig. 3. Assignment scores and sub-dimension ratings for each group (H, HAI, AI).
Left: overall Assignment Score; Right: breakdown across sub-dimensions. Sig. levels
from ANOVA tests are indicated with asterisks: p < .05 (*), < .01 (**), < .001 (***).

Quality, HAI performs better. The HAI and H groups are not statistically different
in 4 out of 5 dimensions. As such, students with or without GenAI performed
similarly on this task.

4.2 Learning process (H vs. HAI)

To understand if there were differences in how students perceived the task, we
conducted a series of t-tests between the two groups of students on the task load-
ing index (TLX) scores (see Figure 4). Overall, the TLX score was significantly
higher in the group without GenAI (M = 50.00, SD = 16.49) compared to the
group with GenAI assistance (M = 31.47, SD = 16.91), t = 3.636, p = 0.0008,
with a very large effect size (Cohen’s d = 1.11). As such, students who had access
to GenAI found the task easier than those who did not. All dimensions of the
TLX, except Physical load score, are significantly higher for students without
access to GenAI. Interestingly, students with GenAI had a higher perception
of their Performance (reversed Failure), even though this did not translate into
actual improved performance as measured by their assignment scores.

4.3 Chatbot perception (HAI)

To understand if students were able to adequately judge whether GenAI was an
asset for their task, we conducted a linear regression with the Assignment Score
as the dependent variable and GenAI usefulness as the main predictor, using
data from the HAIgroup. The model included Gender, Age, and Grade as control

Comparison Mean(SD) Mean(SD) Mean Diff 95% CI p-adj Sig. Cohen’s d
AI vs. H 4.29 (0.57) 3.40 (0.90) –0.89 [–1.37, –0.42] <.001 *** 1.18
AI vs. HAI 4.29 (0.57) 3.73 (0.54) –0.56 [–1.04, –0.08] .018 * 1.02
H vs. HAI 3.40 (0.90) 3.73 (0.54) +0.33 [–0.17, +0.83] .264 –

Table 1. Tukey HSD post-hoc comparisons for assignment scores between groups (H,
HAI, AI). Table includes group means and standard deviations, mean differences with
95% confidence intervals, adjusted p-values, sig. levels, and Cohen’s d effect sizes.
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Fig. 4. Perceived workload ratings (NASA-TLX) for the H and HAI groups. Left: total
score; Right: overview for each dimension of the NASA-TLX score. Significance levels
from T-tests are indicated with asterisks: p < .05 (*), < .01 (**), < .001 (***).

variables. The regression showed a significant negative effect of GenAI usefulness
on the Assignment Score (β = −3.23, p = .025). Gender, Age, and Grade were
not significant. Table 2 presents the statistics, while Figure 5 shows the results
visually. The model explained 36.8% of the variance in Assignment Score (R2 =
.368; adjusted R2 = .210; F (4, 16) = 2.33, p = .100). The standardized coefficient
for GenAI usefulness was β = −0.55, and the semi-partial R2 indicated that it
uniquely explained 24% of the variance in the Assignment Score (a medium to
large effect). A reason for this negative correlation could be that students who
are less proficient academically might find GenAI more useful, and even if their
results are worse, they could nevertheless have benefited from the help of GenAI.
However, since we controlled for academic achievement by including the Grade
variable as a control, this explanation seems less plausible. As such, these results
seem to show that students were not only not able to see when GenAI is useful
for them (an absence of correlation would have supported that claim), but they
also seemed to be misled as to when GenAI is useful.

4.4 Qualitative insights into GenAI user experience (HAI)

Besides collecting quantitative data, the survey gathered qualitative feedback on
user perceptions about their experience during the task.

Perceived benefits. Reflecting the quantitative results, participants in the HAI
group perceive GenAI to be generally “easy to use” (P17, M, 21y), very helpful

Predictor β (raw) β (std) SE p-value 95% CI Semi-partial R2

Intercept 37.84 – 16.79 0.039 [2.25, 73.43] –
GenAI usefulness –3.23 –0.55 1.31 0.025 [–6.00, –0.45] 0.240
Gender –2.58 –0.33 1.59 0.124 [–5.95, 0.79] –
Age 0.35 0.27 0.42 0.416 [–0.53, 1.23] –
Grade –0.34 –0.06 1.72 0.846 [–3.99, 3.31] –
Model fit: R2 = 0.368, Adjusted R2 = 0.210, F (4, 16) = 2.33, p = 0.100

Table 2. Linear regression predicting Assignment Score (TOTAL) from GenAI useful-
ness, controlling for Gender, Age, and self-reported Grade. The table includes unstan-
dardized and standardized coefficients, and semi-partial R2 for the main predictor.
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Fig. 5. Partial regression plot showing the relationship between GenAI usefulness and
Assignment Score, controlling for Gender, Age, and Grade.

and efficient for their project. Descriptions such as “very efficient tool, under-
stands almost everything you want to do” (P35, M, 19y) and “The time required
for the task is considerably reduced” (P27, M, 25y) were common. Several par-
ticipants also reported that AI assistance reduced their cognitive load. As one
explained, “ChatGPT has helped me remember certain details that I wouldn’t
have thought of. It also reminded me of things I’d forgotten. Overall, it decreased
my mental workload in relation to the task in hand” (P41, F, 27y). The use of
AI was described as helpful and enhanced overall productivity. As participants
stated, “It’s a tool that saves time and also allows you to learn in a more prac-
tical and effective way” (P26, M, 28y), and “ChatGPT makes the task look easy”
(P33, M, 19y). Several participants further emphasized the pedagogical and mo-
tivational impact of the tool. One referred praised GenAI for assisting them in
“finding solutions to the problems people face” (P20, F, 21y). At the same time,
another described it as “a teacher who is always available, which is very motivat-
ing” (P25, M, 21y). Another participant reported that the tool enabled a rapid
transition from ideation to execution, stating that “ChatGPT makes it quite easy
to have a good brainstorm and then come up with a solid project base quickly,
which allowed me to concentrate on developing the content” (P30, M, 25y).

Perceived risks. In addition to the perceived benefits, some participants identi-
fied risks associated with the use of GenAI. Despite a participant explaining that
“the use is practical and allows non-completer or beginner students to succeed by
understanding” (P13, F, 20y), several others questioned how useful the technol-
ogy is for beginners and how easy-to-use the solution really is. One participant
noted challenges related to prompting, stating that it was “very efficient, but
the request made to ChatGPT must be precise and clear” (P06, F, 24y). Another
expressed concerns about the quality of GenAI’s generated content, noting that
“the output was not qualitative” (P37, M, 21y). Others questioned the tool’s
ability to understand users’ requests. As P23 noted, “Using ChatGPT was mod-
erately helpful to me because it took a long time for it to understand exactly what
I was asking. It was complicated” (P23, F, 20y). P10 (M, 21y) also noted that “it



10 V. Macko et al.

Category Example Prompt(s)
Analysis (28.8%)
Technical queries focused on
programming help, troubleshooting,
or debugging.

“Correct this code: [Copy-paste error message]”; “Hi,
could you generate some code for me to upload .csv
content to python so that I can use the content to
create visualizations?”

Storytelling (17.4%)
Requests for written content, ideas,
explanations, or help making sense
of text.

“I have this database, and I need to find some
interesting plots to do, which variables pair well?”;
“Add emotion”; “‘Percentage of the population with
access to sanitation’ What does this sentence mean?”

Visual (11.5%)
Design-related prompts, including
aesthetic adjustments and visual
consistency.

“Perfect, is there any way the colours can match (each
country has its own colour)?”; “For the first graph I
want to thicken the lines”; “Generate an illustrative
photograph that can be added to reinforce the impact of
your visualisations”

General (8.7%)
General questions, sometimes
minimal interaction (i.e.,
copy-pasted task instruction)

[copy-paste the instructions], “Show it to me directly”,
“Can you do the same thing with my database?”

Off-topic (31.3%)
Prompts unrelated to the task sent
before the experiment began. This
category is included to consider the
impact of students performing the
task in an old conversation threat.

[student starts the exercise on an old conversation];
“Explain to me the concept of frontiers of opportunity
in economics”

Other (2.4%)
Simple interaction words

“Perfect”; “Thank you”; “Continue”

Table 3. Prompt categories, descriptions, and example prompts

took several attempts to get what I wanted. I think someone with the right skills
on the program [without ChatGPT] might have been quicker”. Furthermore, one
participant highlighted risks related to hindering their critical thinking, stating
that “it [ChatGPT] prevented me from relying on my ideas, even though the AI
was good. The AI ideas sometimes made me forget my critical mind” (P16, M,
19y).

These insights suggest that GenAI is perceived as an easy-to-use tool that
provides an immediate sense of usefulness. However, upon closer inspection, it
appears that users need more time and skill than they initially expected to get
exactly what they want from the tool.

4.5 Chatbot conversation analysis (HAI)

Participants in the HAI group were asked to share the conversations they had
with ChatGPT while completing their assignments. We received data from 86%
of the participants (18 out of 21). Students submitted 288 prompts in total
(M = 16.3, SD = 17.3). Usage varied substantially, ranging from 3 to 72 prompts
per participant. We analyzed the content of each prompt and coded it into one of
six categories based on how participants used GenAI: General, Analysis, Visual,
Storytelling, Off-topic, and Other (see Table 3 for details and example prompts).

To gain additional insights into how students who found GenAI to be more
useful than average utilized the tool, we conducted case studies of the two highest
performers and the two lowest performers based on the Assignment Score.

The first low performer (P26, M, 28y, score 3.4), who has the second highest
number of total interactions (45), appears to have started the assignment in an
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old conversation. In fact, 39 of them fell into the Off-topic category, all of which
were generated before the assignment queries. Four of the remaining six prompts
were used for analysis, mainly to help him with coding issues by copy-pasting
the same error message three times in a row. This suggests that the student had
difficulties correcting his code and struggled to get the answer he was looking
for. The second low-performer (P10, M, 20y, score 2.2) used GenAI sparingly
(9 prompts), despite finding it very useful. He also saw his own limitations,
reporting that he needed several attempts to get results, and believed a skilled
person might be faster without GenAI. This is reflected in his prompts, mostly
related to code or debugging (5 out of 9), where he struggled to clearly express
his needs. For example, after receiving several unsatisfactory responses, he ended
up typing simple instructions like “but say the code”, reflecting a struggle to
formulate effective queries.

The first high-performer (P6, F, 24y, score 4.5), understood that to be effi-
cient, her instructions needed to be “precise and clear”. Her usage was minimal
(4 prompts in total), consisting of two General prompts and two storytelling-
related prompts. The prompts show a clear and targeted strategy: sending the
assignment, uploading the necessary files, and asking for a French version of
the output. This efficient use aligns with a low prompt count and a focused in-
teraction. The second high performer (P20, F, 21y, score 4.5) took a different
approach and performed iterative refinement. She performed an average number
of prompts (16), mainly to improve her Storytelling (10 prompts) and visual
design (4 prompts). The conversation reflects rich ideation and refinement, with
repeated requests for additional alternatives such as “another” or “many”.

On one hand, these results confirm that GenAI’s pontential can be unlocked
by an adequate prompting strategy and by using the tool in a more creative and
iterative way during exploratory processes, an aspect students seem to be aware
of. On the other hand, the two low-performers repeatedly reformulated their
prompts, suggesting that GenAI’s potential is limited when students struggle to
clearly express their needs.

5 Discussion

This research aimed to answer how GenAI tools can support learners in craft-
ing data visualization stories (RQ). Our findings indicate that the introduction
of GenAI into data visualization learning significantly decreased the perceived
workload of students. As shown by the NASA-TLX results, students who used
GenAI reported less mental and temporal demand to accomplish their tasks and
expressed less frustration and fear of failure. The differences in these measures
between groups are significant (p<.001) with a very large effect size (Cohen’s
d=1.11). These results complement the existing literature that highlights the
potential of GenAI to scaffold complex tasks and reduce cognitive load in learn-
ing environments [13,46]. These findings, combined with the qualitative analysis
of student comments, suggest that augmenting a data visualization task with
GenAI can make it much less overwhelming for students and potentially more
motivating to complete. Accordingly, GenAI seems to play a positive role in
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lowering the entry barrier to data visualization learning by guiding users and
reducing uncertainty, in line with the previous literature [5].

However, our results do not indicate an improvement in learning outcomes
measured through Assignment Scores. The existing literature reported mixed
results about the impact of GenAI on learning outcomes. While several studies
highlight improvements [34,33], others observe declines [22,20], and some report
no significant change [40]. In our context, GenAI integration did not lead to sta-
tistically significant differences in assignment performance. This suggests that
while GenAI may have eased the learning process and reduced perceived work-
load, it did not necessarily translate into measurable gains in learning outcomes.

Based on our results, one could argue that GenAI’s support improves the
learning experience without reducing performance, which is a positive outcome.
However, our investigation of the link between AI’s usefulness and the Assign-
ment Scores showed that there was a significant negative association between
these two variables, controlling for Age, Gender and Grade. This finding seems
to indicate that there was an illusion of usefulness rather than real learning sup-
port. This finding can be viewed in light of previous work that identified the risk
of overreliance as a potential danger [15,3].

Furthermore, our results show that the AI-alone group failed to produce valid
outputs in terms of format in 48% of the cases. But, when it did, it outperformed
the groups involving students significantly. These findings suggest that the HAI
group could have achieved better results simply by submitting the assignment
instructions as a prompt and using the AI’s output directly. However, students
did not take this approach. This underlines the lack of skills in using these tools
to their full extent, a concern highlighted in the previous literature [29,8]. This
could potentially be mitigated by training students in using GenAI tools and
improving their prompting skills, as highlighted in prior work (e.g., [30,20]).
The conversations students had with GenAI show that low performers shared a
pattern of engaging with ChatGPT in long, multi-topic conversations without
starting a new chat for the study task. The earlier content in those threads
likely introduced noise that may have impacted the model’s ability to generate
relevant and coherent responses. This aligns with known limitations of large
language models, which can struggle with context retention and topic relevance
in extended, multi-topic conversations [16]. In contrast, high performers used
several efficient strategies, from a few precise prompts to repeated iterations to
refine the output. These findings show that user prompting behavior and tool
literacy emerge as central factors in determining the effectiveness of GenAI in
educational tasks [18]. As such, it might be important to further integrate GenAI
into a learning experience by constraining its capabilities and providing more
task-focused interaction. As advocated by Mezzaro et al. [20], even if restricting
access to the GPT model may limit students’ freedom, it can support their
learning. This approach could be leveraged for more open-ended projects such
as the one discussed here.

Finally, this research is not without limitations. While a blind review process
was used, reviewers were often able to guess which group an output belonged to,
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which could have introduced bias in the evaluation. In addition, the relatively
small sample size per group limited the ability to detect small effect sizes. Also,
this study does not explore the long-term effects of GenAI integrations on learn-
ing outcomes; therfore, the future research is needed to understand sustained
impact on students’ skills and knowledge.

6 Conclusions

With the increasing need to teach students to craft convincing data stories, it
is crucial to understand how GenAI can lower the entry barrier and lead to
improved outcomes. To do so, we conducted a between-subject controlled exper-
iment in a classroom setting (N=43) with a treatment group where students have
access to GenAI (HAI) and a control group where they do not (H). Our findings
show that when students have access to GenAI, the task load is significantly
reduced with a very large effect size. However, the results show that the actual
performance scores did not improve. What is more concerning is that the more
students found GenAI useful, the worse their learning outcomes were, indicating
a risk of overreliance. Finally, we also included a third group (AI alone), which
outperformed the other two groups significantly in most performance qualities.
This final result shows that GenAI offers promising possibilities for improved
outcomes, yet learning experiences should be carefully scaffolded and students
guided to take full advantage of GenAI capabilities.
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