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Advanced large language models
and visualization tools for data
analytics learning

Jorge Valverde-Rebaza*, Aram Gonzalez,
Octavio Navarro-Hinojosa and Julieta Noguez

Tecnologico de Monterrey, School of Engineering and Sciences, Monterrey, NL, Mexico

Introduction: In recent years, numerous Al tools have been employed to
equip learners with diverse technical skills such as coding, data analysis, and
other competencies related to computational sciences. However, the desired
outcomes have not been consistently achieved. This study aims to analyze
the perspectives of students and professionals from non-computational fields
on the use of generative Al tools, augmented with visualization support, to
tackle data analytics projects. The focus is on promoting the development of
coding skills and fostering a deep understanding of the solutions generated.
Consequently, our research seeks to introduce innovative approaches for
incorporating visualization and generative Al tools into educational practices.

Methods: This article examines how learners perform and their perspectives
when using traditional tools vs. LLM-based tools to acquire data analytics skills.
To explore this, we conducted a case study with a cohort of 59 participants
among students and professionals without computational thinking skills. These
participants developed a data analytics project in the context of a Data
Analytics short session. Our case study focused on examining the participants’
performance using traditional programming tools, ChatGPT, and LIDA with GPT
as an advanced generative Al tool.

Results: The results shown the transformative potential of approaches based on
integrating advanced generative Al tools like GPT with specialized frameworks
such as LIDA. The higher levels of participant preference indicate the superiority
of these approaches over traditional development methods. Additionally, our
findings suggest that the learning curves for the different approaches vary
significantly. Since learners encountered technical difficulties in developing the
project and interpreting the results. Our findings suggest that the integration
of LIDA with GPT can significantly enhance the learning of advanced skills,
especially those related to data analytics. We aim to establish this study as a
foundation for the methodical adoption of generative Al tools in educational
settings, paving the way for more effective and comprehensive training in these
critical areas.

Discussion: It is important to highlight that when using general-purpose
generative Al tools such as ChatGPT, users must be aware of the data analytics
process and take responsibility for filtering out potential errors orincompleteness
in the requirements of a data analytics project. These deficiencies can be
mitigated by using more advanced tools specialized in supporting data analytics
tasks, such as LIDA with GPT. However, users still need advanced programming
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knowledge to properly configure this connection via API. There is a significant
opportunity for generative Al tools to improve their performance, providing
accurate, complete, and convincing results for data analytics projects, thereby
increasing user confidence in adopting these technologies. We hope this work
underscores the opportunities and needs for integrating advanced LLMs into
educational practices, particularly in developing computational thinking skills.

KEYWORDS

ChatGPT, data analytics learning, generative Al tools, programming skills development,
large language models in education, educational innovation, higher education,
professional education

1 Introduction

Artificial Intelligence (AI) is permeating an ever-growing array
of domains within daily life, and its utilization is on the rise in
professional contexts such as healthcare (Alhashmi et al., 2024),
marketing (Haleem et al., 2022), education (Chen et al.,, 2020;
Zhang and Aslan, 2021), and beyond. Al tools in education have
revolutionized the educational landscape by providing personalized
learning experiences and assisting in administrative tasks such as
assessment and the customization of instructional strategies. Thus,
from intelligent tutoring systems to chatbots and virtual assistants,
AT tools in education enhance learning experiences by fostering
efficiency, adaptability, and inclusivity (Laupichler et al., 2022;
Srinivasan, 2022; Wolters et al., 2024).

Programming education has made significant advancements in
recent decades. Once perceived as a skill limited to a select few
with strong computational thinking competencies, programming
has evolved into a critical tool for tackling complex real-world
challenges, and driving innovation (Nouri et al., 2020). As a result,
proficiency in programming has become indispensable for success
across various sectors, especially in the business domain (Yilmaz
and Yilmaz, 2023), proving its resilience even in global crises
such as the COVID-19 pandemic (Pesonen and Hellas, 2022).
This growing recognition of the importance of programming
skills has led to their inclusion in university and continuing
education courses.

Despite the increasing interest in programming education,
learning to program remains a hard, and intricate endeavor
for many individuals. Consequently, a considerable number of
learners discontinue their learning journey before achieving
proficiency (Rouhani et al., 2022; Saqr and Lopez-Pernas, 2024).
AT tools effectively address challenges such as the requirement
for comprehensive guidance and support, the complexities of
debugging code errors, and, most crucially, the comprehension
of underlying concepts. Despite their capability, these challenges
persist (Pedro et al., 2019).

The introduction of ChatGPT in November 2022 marked a
pivotal moment in the landscape of AI tools, marking a clear
delineation between the pre- and post-eras of Al tools (OpenAl,
2022). ChatGPT, as an application of Large Language Models
(LLMs), has captivated the world with its remarkable capability
to execute highly intricate tasks and its notable aptitude
for engaging in natural conversation. This includes seamlessly
responding to user inquiries and providing feedback, stimulating
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ongoing dialogue through continuous interaction. Such capabilities
distinguish ChatGPT from previous Al tools, offering users a
uniquely immersive experience (Rospigliosi, 2023; Mai et al,
2024). Thus, ChatGPT shaped and popularized generative Al tools,
encompassing platforms such as Google Bard, Falcon, Cohere,
Llama, Bing Chat, Gemini, and others.

In the realm of teaching and learning, the emergence of
ChatGPT and other generative AI tools has elicited diverse
perspectives among educators, as their potential applications
have the
methodologies. Thus, in <2 years since these technologies

capacity to revolutionize existing educational
became widely accessible, numerous studies have already emerged
exploring their opportunities and threats (Mai et al, 2024),
significance and impact (Kasneci et al., 2023), ethical implications
(Vaccino-Salvadore, 2023), risk factors (Morales-Garcia et al,,
2024), and other aspects.

Due to its ability to generate content, define terms, and serve
as a programming assistant, ChatGPT and other generative Al
tools have the potential to contribute significantly to the process
of teaching and learning programming skills in ways that previous
chatbots could not achieve (Yilmaz and Yilmaz, 2023; da Silva
etal,, 2024). Furthermore, generative Al tools can play a significant
role in teaching and learning more advanced computational
skills, which typically demand higher levels of abstraction or
computational thinking capacity, such as building data analytics
solutions (Ellis and Slade, 2023; Bringula, 2024; Xing, 2024) and,
even more, helping to understand what is being programmed (Nam
etal., 2024).

Despite the advantages that potentially position ChatGPT and
other generative Al tools as technologies that democratize support
for teaching and learning programming and data analytics skills,
new challenges arise, especially when instructing learners who lack
computational thinking competencies. Therefore, in this work,
we investigate how the utilization of technologies that integrate
generative Al tools directly into learners’ data analytics projects can
support the learning process of programming and data analytics
skills in contrast to the traditional use of generative Al tools.

For this study, we employ LIDA (Dibia, 2023), a novel tool
designed to comprehend the semantics of data to set pertinent
visualization objectives and produce visualization specifications,
infographics, and data narratives. LIDA can be used with
various LLM providers, including OpenAl, Azure OpenAl, PaLM,
Cohere, and Huggingface, allowing for seamless incorporation
into the user’s data analytics projects. This approach simplifies
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programming by leveraging natural language prompts to generate
code snippets that are effortlessly integrated into the existing
codebase. This approach enables learners to concentrate more
on crafting solutions for their projects rather than delving into
the intricate details of programming. This paper aims to provide
a perspective into how educators can leverage LIDA, or similar
technologies, in conjunction with generative Al tools to enhance
learning outcomes related to programming and data analytics skills.
This is particularly valuable in contexts where learners do not yet
possess advanced computational thinking abilities.

The structure of this article is organized as follows: Section 2
provides a comprehensive review of the existing literature on
innovation in education focusing on the use of tools based
on LLMs. Section 3 details the methodology employed in this
study, including a thorough description of the case study utilized.
Section 4 presents the findings from our case study, incorporating
an exploratory analysis of the collected data. Finally, Section 5
concludes with a discussion of our findings, highlighting the
implications and potential impact of this research.

2 Background and literature

In this section, we present the evolution of AI tools
in education, focusing on tools that facilitate teaching and
acquiring computational thinking skills, particularly those related
to data analytics.

2.1 Al for programming education

Effective learning methods in programming education
can enhance how students learn and interact with computer
programming and coding environments. These methods encourage
learners to progress further and embark on the development of
data analytics and data science projects (Saqr and Lopez-Pernas,
2024). The integration of AI into these methodologies can
significantly enhance this process. Popenici and Kerr (2017)
reviewed ATs potential impact in higher education, noting its
benefits, such as augmenting human capabilities, personalizing
learning, and supporting skill development in critical thinking
and problem-solving. Authors also highlighted risks, including
educator replacement, bias reinforcement, job displacement,
loss of human interaction, and reduced critical thinking due to
over-reliance on technology.

Similar concerns, and additional recommendations, have been
raised after the introduction of ChatGPT (Baidoo-Anu and
Ansah, 2023; Chinonso et al., 2023; Kasneci et al., 2023; Rahman
and Watanobe, 2023). The integration of ChatGPT as well
as other generative Al tools into educational settings has the
potential to revolutionize programming instruction by providing
personalized learning experiences, formative assessments, and
enhanced teaching strategies. Kiesler and Schiffner (2023) assessed
the performance of ChatGPT-3.5 and ChatGPT-4 on 72 Python
tasks from CodingBat using unit tests. The LLMs achieved high
accuracy, with 94.4-95.8% correct responses, highlighting their
effectiveness in solving introductory programming tasks.
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Additionally, LLMs’ capability to generate code and provide
textual explanations offers new opportunities for integrating them
into educational settings. These capabilities enable the design of
programming tasks, the provision of formative feedback, support
for novice learners, and offer accessibility and inclusivity by aiding
students with disabilities or those who struggle with traditional
methods. However, LLMs present limitations in addressing
more complex problems that require a deeper understanding
of programming concepts (Chinonso et al, 2023; Kiesler and
Schiffner, 2023; da Silva et al., 2024).

Despite their advantages, generative Al tools are not without
their limitations and potential drawbacks (Azaria et al., 2024).
They may generate inaccurate information, perpetuate biases from
their training data, and raise privacy concerns when handling
sensitive student data. Additionally, their contextual understanding
is often limited, leading to potentially incorrect or irrelevant
results in specific searches. Moreover, the outputs from these tools
might be difficult to interpret, posing challenges for inexperienced
users (Phung et al, 2023). Furthermore, studies suggest that an
over-reliance on Al-powered tools could diminish students’ critical
thinking skills, as they increasingly rely on technology for problem-
solving (Ifelebuegu et al, 2023; Memarian and Doleck, 2023;
Mosaiyebzadeh et al., 2023).

Thus, to fully leverage the advantages of generative Al
tools in programming education, educators and students should
collaborate on establishing guidelines for responsible Al integration
and usage. Both parties should also focus on addressing the
associated limitations and explore integrating these tools with
complementary technologies to effectively handle more extensive
or complex tasks.

2.2 LLMs for data analytics learning

The power afforded by LLMs can be decisively harnessed to
support the teaching and learning of comprehensive skills within
the context of computational thinking. Specifically, ChatGPT and
other generative Al tools can support the acquisition of skills that
facilitate the rapid and consistent execution of projects in data
analytics, data science, data mining, and related fields.

Since the emergence of LLMs, several authors have developed
strategies to leverage the potential of generative AI tools to
enhance data analytics education. Tu et al. (2023) explored
the transformative potential of LLMs in data science education,
highlighting their ability to amplify human intelligence, foster
critical thinking, and promote ethical awareness. By streamlining
repetitive tasks such as data cleaning and machine learning model
building, LLMs allow students to concentrate on higher-level
concepts and provide contextually relevant examples, exercises,
and explanations tailored to individual needs. Zheng (2023)
reported that ChatGPT enhances the understanding of new and
existing complex technical concepts related to data science and
data analytics and improves coding skills by generating code for
common algorithms and tasks. Furthermore, ChatGPT facilitates
learning at an individual’s pace through simple prompts in their
native language.
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Despite the potential of LLMs to support data analytics
education, few studies in the literature, to the best of our knowledge,
report concrete and formal efforts in this direction. Therefore, one
of the objectives of this work is to contribute to narrowing this gap.

2.3 Generative Al tools for data analytics
learning

While ChatGPT and other generative AI tools have been
used as assistants in programming education, new tools have
emerged to enhance this process. Chen et al. (2023) developed
GPTutor, an extension for Visual Studio Code that leverages
the uses OpenAl's GPT API to offer detailed code explanations
by integrating relevant source code into its prompts, delivering
more precise and concise insights compared to existing code
explainers. Yang et al. (2024) introduced the Conversational REpair
Framework—(CREF), which employs LLMs to semi-automatically
repair programs by integrating augmented information and human
guidance aiming to improve productivity, elevate code quality,
facilitate interactive learning, and broaden access to high-quality
programming education.

Prasad and Sane (2024) proposed a self-regulated learning
(SRL) framework for programming problem-solving using
generative Al technologies like LLMs. They emphasize the
importance of SRL skills in effectively leveraging LLMs and
explore how these technologies influence students’ problem-
understanding, solution evaluation, and regulation strategies.
Their SRL framework provides a theoretical foundation for
educational interventions that enhance SRL skills, improving
students’ ability to use Al-powered tools in programming tasks.
A key advantage of this framework is its ability to promote
self-regulation by encouraging deep problem analysis, fostering
problem decomposition skills, and enhancing computational
thinking through prompt engineering and conversational AL
Other efforts include LLM-based assistants like Code Interpreter
by OpenAl (2024) and Open Interpreter by Lucas (2023). Both
tools work as Python code assistants using GPT, facilitating
programming tasks.

However, these generative AI tools primarily support the
teaching and learning of programming-related skills. Few tools
have been specifically designed for developing skills focused on
supporting data analytics or data science learning. One of the
pioneering tools in this area is LIDA, a novel tool for generating
grammar-agnostic visualizations and infographics. Developed
by Dibia (2023), LIDA approaches visualization generation as
a multi-stage process, arguing that well-orchestrated pipelines
based on LLMs and Image Generation Models (IGMs) are
effective for addressing data analytics tasks. LIDA leverages the
language modeling and code writing capabilities of state-of-the-
art LLMs to enable four core automated visualization capabilities:
(i) Summarizer, which converts data into a rich but compact
natural language summary; (ii) Goal Explorer, which enumerates
visualization goals based on the data; (iii) VisGenerator, which
generates, refines, executes, and filters visualization code; and,
(iv) Infographer, which produces data-faithful stylized graphics
using IGMs. Additionally, LIDAs data visualization capabilities
extend to four operations on existing visualizations: explanation,
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self-evaluation, automatic repair, and recommendation. LIDAs
characteristics make it a direct support tool for both, development
and education-related, activities.

Recently, Hong et al. (2024) introduced Data Interpreter, an
LLM-based agent that emphasizes three pivotal techniques to
enhance problem-solving in data science: (i) dynamic planning
using hierarchical graph structures for real-time data adaptability;
(ii) dynamic tool integration to improve code proficiency during
execution, thereby enriching the necessary expertise; and (iii)
identification of logical inconsistencies in feedback and efficiency
enhancement through experience recording. Although it is possible
to direct Data Interpreter toward educational purposes, the agent
primarily focuses on automating the development of data science
and data analytics projects in an agile and reliable manner.

3 Materials and methods

Our objective is to measure the impact of generative Al tools on
the learning process of data analytics. To achieve this, we conducted
a case study involving students and professionals with minimal or
underdeveloped computational thinking skills. Below, we detail the
research model, study group, and case study conditions.

3.1 Research model

This article examines how learners perform and their
perspectives when using traditional tools versus LLM-based tools to
acquire data analytics skills. To explore this, we employed the case
study method. A case study entails a thorough examination and
analysis of an individual, group, organization, or event. It delves
deeply into a specific topic, elucidating a phenomenon or seeking
to understand the efficacy of certain strategies or approaches in a
particular situation (Yilmaz and Yilmaz, 2023).

Participants developed a data analytics project in the context
of a Data Analytics short session as described in Section 3.4. Thus,
our case study focused on examining the participants’ performance
while also considering the instructors’ opinions on the quality of
the solutions developed as presented in Section 3.5.

3.2 Participants

We conducted a case study with a cohort of 59 participants
affiliated with higher education programs at Tecnologico de
Monterrey, a private university in Mexico. The cohort included
43 undergraduate students enrolled in a Data Analytics course
and 16 professionals from a continuing education course focused
on Data Analytics. It is important to highlight that our analysis
was guided by the perspective of the participants’ roles, specifically
distinguishing between students and professionals.

To examine potential differences in responses due to the gender
gap in motivation for developing computational competencies, the
study documented the gender distribution of the participants (Jung
Won Hur and Marghitu, 2017; Kurti et al., 2024). From our cohort,
32 participants identified as female, 27 as male, and 1 preferred
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not to disclose. Figure 1 presents the distribution of gender across
different roles among the participants in our case study.

All participants were affiliated with different departments,
ensuring diversity in areas of expertise and indicating the
depth of their computational background. Specifically, 88% of
participants came from fields such as finance, business, social
sciences, and others, while the remaining 12% were from
engineering disciplines including sustainable engineering, chemical
engineering, biomedical engineering, and industrial engineering.
This distribution is detailed in Figure 2.
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Distribution of participants by affiliation. Moreover, the cohort included individuals from a wide range
of age groups: 22 participants were between 18 and 20 years old,

19 were between 21 and 22, while smaller groups fell into older age
brackets, with 2 participants each in the ranges of 23-25, 26-30, 31-
35, and 36-40 years. Additionally, 4 participants were between 40
and 50 years old, and 5 were over 50 years old, as shown in Figure 3.

Collecting data on participants’ age, gender, and professional
background enabled us to examine variations in responses
influenced by these demographics. This information is crucial
for analyzing the impact of generative AI tools on learners
with varying levels of experience across different fields. All
participants’ responses were analyzed to assess their performance
and perspectives on using traditional and LLM-based tools
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for developing data analytics skills, ensuring a comprehensive
understanding of their effectiveness in diverse educational and
professional contexts.

3.3 Case study materials

The focal point of our case study is centered on developing
a single data analytics project for all participants. The following
materials were defined for carrying out the case study:

1. Programming environment: We selected Google Colaboratory
(2017), a collaborative programming environment hosted in the
cloud, which allows users to focus on programming, without
worrying about technical details such as package installation,
programming configurations, memory management, etc.

Participants required a free Google Colaboratory account to
work on the project.

. Datasets: We selected two well-established datasets from the

literature: the Iris and the Wine datasets (Dua and Graff,

2019):

Iris dataset: This dataset was used by the instructors to
illustrate the development of a data analytics project.

Wine dataset: This dataset is similar to the Iris dataset, and
was given to learners to be worked on entirely by them.

While the datasets are commonly known, the instructors
provided them directly to avoid confusion and variations.

. Project methodology: The project was developed following
the de-facto standard and industry-independent process model
CRISP-DM (Schroer et al., 2021). Only 3 of the 6 phases of
CRISP-DM were performed:

e Business understanding: The business situation should be
assessed to get an overview of the available and required
resources. The project’s goal establishment is one of the
most important aspects of this phase. Thus, the instructors
formulated one goal (G1) for the project based on the Iris
dataset and one goal (G2) for the one based on the Wine
dataset. These goals were carefully put together to align
with the analytical challenges faced by learners and the
educational goals of our case study.

Data understanding: Exploring and describing the dataset
and checking the data quality are essential tasks in this
phase. To make it more concrete, it is recommended to
carry out a statistical exploratory analysis. Depending on
the established goal, it is possible to reach a feasible solution
at this point.

Evaluation: The results are reviewed according to the
established goal. Therefore, the results must be interpreted
and further actions are defined. Furthermore, the process is
to be reviewed in general.

It is recommended that participants have a basic
understanding of data analytics projects’ pipeline. Nevertheless,
the instructors provided fundamental highlights.

4. ChatGPT: An LLM web application based on a model
specifically trained to follow instructions from prompts and
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provide detailed responses (OpenAl, 2022). For this study, the
participants required a free ChatGPT access account.

. GPT via APL This is the core of ChatGPT, namely, the model
itself, which can be accessed directly via API service (OpenAl,
2020). This is a technical resource primarily used in specialized
software development projects. Due to the cost of accessing
GPTs via API, the instructors provided an OpenAl token free
of charge to facilitate access to this resource.

. LIDA: An open-source library for generating data visualizations
and data-faithful infographics, compatible with multiple LLM
providers (Dibia, 2023).

3.4 Case study process

A special 135-min session was scheduled for our participants,
referred to as learners, to take part in the study. The session was led
by the instructors, who are the authors of this work, following the
step-by-step actions described below.

1. Presentation (5 min): The session begins with a welcome to
the participants, an explanation of the session’s purpose, and
an overview of how the data regarding their performance and
impressions will be collected.

. Introduction (10 min): A brief overview of the development of
data analytics projects following the CRISP-DM methodology
is provided. It is noted that we will undertake a project using
three different approaches: traditional development, utilizing
ChatGPT, and employing LIDA in combination with GPT.

. Approach 1—traditional development (30 min): A new project
is initiated in Google Colaboratory, with development centered
on achieving the defined goal (G1) on the Iris dataset: Is there a
relationship between sepal length and petal width in different iris
species?

This approach emphasizes the traditional development
of a data analytics project using standard Python packages,
including pandas, scikit-learn, matplotlib, and seaborn. Thus,
the instructors provided the pre-developed source code and
guided learners on every step throughout the entire process,
from data reading to the interpretation of the results.

a. Activity proposal (5 min): The Wine dataset is presented to
learners as well as the respective goal (G2): Do the chemical
components of a wine allow us to identify the class of wine to
which it belongs?

Learners are instructed about the Activity 1 which
consists on develop the data analytics project to address G2
using standard Python packages. Participants are allocated 10
min to work on the project and are encouraged to progress as
far as possible within this time frame.

. Activity 1 development (10 min): Participants work on
the project, focusing on solving G2 using Approach 1.
During this period, no technical support is provided by the
instructors.

. Approach 2—ChatGPT-based development (20 min): A
new chat window in ChatGPT is initiated. The instructor
recommends using the most recent ChatGPT version. For this
case study, the instructor gave the freedom for the learners to
choose to use ChatGPT-3.5 or ChatGPT-4.
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The instructor begins developing G1 again, this time with
ChatGPT. Using prompt engineering, the instructor defines
ChatGPT’s role and outlines expectations. ChatGPT is informed
about the programming environment, the dataset, and the
desired goal. The source code responses generated by ChatGPT
are copied to a new project in Google Colaboratory for
execution. The results are observed and analyzed. The instructor
then returns to the ChatGPT window to request explanations
and interpretations of the results. The ChatGPT explanation is
discussed and compared against the instructor’s interpretation.
New prompts may be made to adjust the results, enhance the
visual aspects of the plots, and so on.

a. Activity proposal (3 min): Learners are instructed about
the Activity 2, which consists on develop the data analytics
project to address G2 using ChatGPT-based development.
Participants are allotted a 10-min period to work on the
project, during which they are encouraged to achieve as much
progress as they could.

b. Activity 2 development (10 min): Participants work on the
project, focusing on solving G2 using Approach 2. During
this time, the instructors do not provide any technical
assistance.

5. Approach 3—LIDA + GPT development (25 min): A new
project is initiated in Google Colaboratory. Within this
environment, instructors demonstrated how to install and
configure LIDA. They also guided the integration of LIDA
with the preferred GPT model using OpenATI’s API, ensuring it
aligned with the GPT model used in Approach 2.

This process included detailed instructions on how to
create and use prompts directly from the Google Colaboratory
programming environment by integrating LIDA + GPT to
address G1. Given that this combined approach provides a
compact and efficient solution for G1, we further explored its
capabilities to refine and enhance the results.

a. Activity proposal (2 min): Learners are instructed about
the Activity 3 which consists on develop the data analytics
project to address G2 using LIDA + GPT development.
Participants are given 10 min to advance the project and are
encouraged to make as much progress as possible within the
allotted time.

b. Activity 3 development (10 min): Participants worked on
the project, focusing on solving G2 using Approach 3. During
this time, the instructors do not offer any technical assistance.

6. Form filling and closing (15 min): Participants are directed
to a Google Form questionnaire, specifically designed to
capture their information. The session concluded after all the
participants filled out the form.

The instructors can provide an additional 10-15 min for Q&A.
Moreover, it is important to note that the objective of each of
the three activities proposed to participants is, in addition to
demonstrating different ways of solving a data analytics project,
to measure the level of complexity of the technologies and the
background required for their appropriate use.

In Activity 1, participants were tasked with completing
the project using conventional Python programming techniques
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without any Al assistance. This activity aimed to set a baseline for
comparing the effectiveness and efficiency of the other methods. In
Activity 2, participants used ChatGPT as an external programming
assistant. This setup allowed us to measure the impact of integrating
a conversational AT assistant into the data analytics workflow. This
activity also lets us analyze the advantages and potential challenges
of using ChatGPT in a specialized context. Finally, in Activity 3,
participants experienced the use of LIDA integrated with GPT as a
specialized assistant for data-related projects. This approach aimed
to create a workflow with assistance from an Al specialized in Data
Analytics, all within the programming environment itself.

3.5 Data collection from questionnaire

Data collection was conducted immediately after the session
concluded. The authors created an electronic questionnaire using
Google Forms, and the link to the online form was distributed to
the learners in the class. Learners were then instructed to complete
the web form using their computers.

The questionnaire was prepared to collect sufficient data to
generate a robust profile of each participant, encompassing three
critical aspects: demographics, previous programming and data
analytics experience, and data analytics learning experience during
the session.

Regarding demographic information, the focus was on
collecting data on gender, age, affiliation, and role, as detailed in
Section 3.2. Regarding previous programming and data analytics
experience, we collected the following data:
their technical
background, we inquired about participants’ prior experience
in programming. This information is vital for evaluating how

e Programming experience: To assess

programming skills might influence their interactions with
the analytical tools used in the study, as well as the speed at
which participants developed the activities assigned during
the session.

e Experience in data analytics: It is necessary to understand
the participants’ familiarity with data processing projects, as
this could affect their ease of use and efficiency with different
analytical methods.

e Experience using programming tools: It is necessary to
assess the participants’ knowledge and experience using
programming tools, such as Google Colaboratory, to
determine their potential proficiency with technologies
related to data analytics.

e Experience with generative AI: We asked participants about
their experience with generative AI technologies. This is
crucial for understanding their readiness to leverage advanced
AT tools to address professional challenges.

Regarding the data analytics learning experience during the
session, we collected the following data:

e Developing time: Participants provided the time range

required to complete the project for each approach. If a
participant did not finish the activity within the allotted time,
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they were asked to estimate the additional time needed to e Correctness: We asked participants which approach they
complete it. deemed most correct in relation to the progressive and overall

e Contribution to workflow development: Participants obtaining of results. This question addresses their perceptions
assessed the extent to which each approach contributed to the of the validity, quality, and reliability of the results obtained
project’s development concerning the specified goal, with a with each approach.

particular emphasis on the quality of the solution obtained.
e Ease of use: Participants were asked which approach they
found easiest to use for developing the step-by-step process
of a data analytics project. This helps identify the most user- 4 Findli ngs
friendly approach, which is critical for adoption in real-world

settings. To evaluate participants’ programming experience, they were
e Resultachievement speed: Participants were asked to indicate  asked: “Before today’s session, have you had any experience with
which approach enabled them to achieve results the quickest,  programming in any language?” The response options were: “yes,”
providing insights regarding the efficiency of each approachin  “no and “some.” Analyzing this aspect by participant’s roles, 65%
solving a data analytics challenge. of the students reported having programming experience, while
e Appropriateness. Participants evaluated which  the remaining 35% indicated they had some experience. Among
method  they considered the most suitable for the  the professionals, 69% stated they had programming experience,
type of work they were performing. This question 259 reported having minimal experience, and 6% indicated
assesses the perceived relevance and effectiveness of  they had no programming experience at all. Figure4 shows

each approach. these distributions.
Yes No Yes
Some Some
No
0,
Some &%
Some
35% 25%
65% 69%
Yes
Yes
FIGURE 4

Distribution displaying participants’ programming experience based on their roles as students (left), and professionals (right).

Programming experience by Age range

Over 50 years, Professional
40 to 50 years, Professional

35 to 40 years, Professional

Female, No
31 to 35 years, Professional Female, Some

Female, Yes
26 to 30 years, Professional Male, Some

Male, Yes

23 to 25 years, Student
21 to 22 years, Student
18 to 20 years, Student
0 2 4 6 8 10 12 14 16 18 20

Number of participants

FIGURE 5
Distribution displaying participants’ programming experience by role, ranging age, and gender.
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Yes
Some
No

No

5%

40% Some

56%
Yes

FIGURE 6

Distribution displaying participants’ experience in developing data analytics projects based on their roles as students (left), and professionals (right).

Yes
Some No
Some
12%
Yes 50%
38%

Over 50 years, Professional
40 to 50 years, Professional
35 to 40 years, Professional
31 to 35 years, Professional
26 to 30 years, Professional
23 to 25 years, Student
21 to 22 years, Student
18 to 20 years, Student
0 2 4 6 8

FIGURE 7

Data analytics by Age range

Number of participants

Distribution of participants’ experience in data analytics-related skills by role, age range, and gender.

Female, No
Female, Some
Female, Yes
Male, No
Male, Some
Male, Yes

10 12 14 16 18 20

Since it is important to understand possible gaps in gender
and age in the process of acquiring computational thinking-related
skills, Figure 5 details the participants’ experience based on these
two demographic factors considering their roles. The figure shows
no significant disparity in programming experience across all
roles, genders, and age groups, except for professionals over 50
years, where we found participants identified as female with no
prior programming experience. Additionally, among students, the
youngest group (18-20 years old) shows a majority of identified as
females with previous programming experience. In the 21-22 age
range, the predominant group is such identified as male.

To assess participants’ experience in data analytics, they
were asked: “Before today’s session, had you had any experience
developing any data analytics projects?” The response options

were: “yes;” “no, and “some.” Considering their roles, we
observed that 56% had experience, 40% had no experience,

and 5% had minimal experience. Among professionals, 50%
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of students had previous experience developing data analytics
projects or related tasks, while 38% had no experience, and
12% had some experience. These distributions can be observed
in Figure 6.

Analyzing Figures 4, 6, we note that all students had at
least some minimum experience in programming, while only 6%
of professionals reported having no experience at all. However,
participants with programming experience did not necessarily have
experience in developing data analytics projects. Consequently,
there is a greater number of participants with no prior experience
in data analytics projects compared to those with programming
experience. Furthermore, as shown in Figure 7, the gender group
that presents the greatest disparity in data analytics-related skills is
female across roles and age groups. This is most clearly seen in the
younger groups, where half or more of the males have at least some
experience in data analytics, while among females, half or fewer
possess these skills.

frontiersin.org


https://doi.org/10.3389/feduc.2024.1418006
https://www.frontiersin.org/journals/education
https://www.frontiersin.org

Valverde-Rebaza et al.

Yes
Some

No

8%
Some
20%

71%

Yes

FIGURE 8
Displaying participants’ experience in programming tools.

To assess participants’ experience with programming tools, we
asked, “Before today’s session, were you familiar with programming
tools like Google Colaboratory, Python, and others?” The response

» «

options were: “yes,” “no,” and “some.” As shown in Figure 8, only
8% of participants, regardless of their role, indicated they had no
prior exposure to programming tools. This percentage is entirely
represented by professionals who reported having none or minimal
programming experience because they are just beginning their
journey into acquiring these skills. Conversely, some students had
already taken or were taking an introductory data analytics course
that included programming tuition.

To assess participants’ experience with generative AL we asked
four specific questions: “Before today’s session, have you had any
experience using ChatGPT to the extent of creating prompts on
various topics?” “Before today’s session, have you had any experience
using ChatGPT for any programming tasks?” “Before today’s session,
have you had any experience using ChatGPT for any data analytics
tasks?” and “Before today’s session, have you had any experience
using any OpenAl API or other generative Al provider’s API?” For
each question, the participants had to respond with one of the
following options: “yes;” “no,” or “some.” Results for these four
questions are shown in Figure 9.

In Figure 9 we can observe an unexpected finding. Despite
being just over 2 years since the launch of ChatGPT, given the
popularity of the platform, one could assume that all participants
would have had some prior experience with it. However, our data
reveals that 15% of participants have had no prior interaction with
this generative Al tool. More further insights are observed when
found that a significant portion of the participants, 27%, had never
used ChatGPT for programming tasks. Moreover, an even larger
segment, 37%, had not utilized ChatGPT for data analytics project
development. These results indicate that, contrary to expectations,
a substantial number of participants were yet to integrate ChatGPT
into their workflows for these specific tasks. Moreover, also is
interesting to observe that a significant portion of participants
with programming and data analytics experience also had some
experience using generative AI APIs. This implies a considerable

Frontiersin Education

10

10.3389/feduc.2024.1418006

level of expertise that allows for a greater critical appreciation of
the session that learners have taken.

The time each participant spent developing Activities 1, 2,
and 3 is crucial for quantifying the effort required to tackle the
same project using different approaches. As shown in Figure 10,
only when using Approach 2, which relied on ChatGPT as an
external programming assistant, and Approach 3, which integrated
the LIDA framework with GPT via OpenAl’s API, were some
students and professionals able to complete the project in <5 min.
Conversely, when using Approach 1, which involved traditional
programming packages, the majority of participants required more
than 10 min to complete the project. This highlights the efficiency
of Approaches 2 and 3 compared to Approach 1.

Another noteworthy observation, as depicted in Figure 10,
is that ~40% of professionals managed to develop the project
within 10 min using either Approach 2 or Approach 3. This
indicates a relatively high efficiency among professionals with these
approaches. In contrast, students required more time and effort;
only 35% of them completed the project in up to 10 min using
Approach 2, and a mere 15% achieved this with Approach 3.
This disparity suggests that professionals might be better equipped
to leverage the capabilities of ChatGPT and the LIDA + GPT
integration efficiently. Furthermore, professionals also spend less
time working on Approach 1 to complete the project than students.
This implies that, in general, professionals are more adept at
tackling a data analytics project using any approach compared
to students.

Additionally, in Figure 10, we can observe that 20% of students
and 10% of professionals took more than 30 min to complete
the project in Approach 3. This significant delay might indicate
potential technical challenges associated with integrating LIDA
with GPT via APIL The extended time could reflect difficulties
in configuring and effectively using the LLM, as the integration
process still requires several complex setup steps. This suggests that
while LIDA with GPT integration offers powerful capabilities, it
also demands a higher level of technical proficiency or more refined
implementation to avoid such delays.

We analyzed participants’ perception of three approaches to
solving the same data analytics project focusing on ease of use,
speed in achieving results, appropriateness, and correctness. To
obtain this perception, we asked four questions:

e Which of the approaches for developing an analytics project
seemed easiest to you? Ease refers to a general understanding
of the process and practical implementation of the activity. In
which of the approaches do you consider you could develop
a data analytics project more efficiently, focusing more on
analytics rather than programming details?

Which of the approaches for developing an analytics project
seemed fastest to you? Speed refers to which approach allowed
you to progress the most in the 10 min offered for the activity
development. In which do you feel you progressed the most or
could potentially advance faster to achieve the aimed results?
Which of the approaches for developing an analytics project
seemed most appropriate to you? Appropriateness refers to
the development experience. Which of the approaches do you
consider has a more analytics-focused approach, reducing the
effort on programming details?
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" Yes 0 Yes
" Some No
No [ Some
Yes
Some
No 0 Yes
0 Yes No
" Some " Some
No
Yes
Yes
FIGURE 9

Distribution of participants’ experience related to the use of generative Al tools like ChatGPT. (Top left corner) Distribution of participants who had
previously used ChatGPT for general purposes. (Top right corner) Distribution of participants who had previously used ChatGPT for programming
tasks. (Bottom left corner) Distribution of participants who had previously used ChatGPT for data analytics project development. (Bottom right
corner) Distribution of participants who had previously used APIs from any LLM provider, such as OpenAl.

Time Required to Finish Activities

Student by using LIDA+GPT

Professional by using LIDA+GPT

" Less than 5 minutes
Student by using ChatGPT ' 51010 minutes
10 to 15 minutes

. . © 15to 30 minutes
Professional by using ChatGPT More than 30 minutes

Student by using traditional approach

Professional by using traditional approach

60
Percentage of Participants

FIGURE 10

Distribution displaying the time spent by both students and professionals in developing the data analytics project using the three different
approaches: Approach 1, which utilized traditional programming packages; Approach 2, which involved using ChatGPT as a programming assistant;
and Approach 3, which integrated the LIDA framework with OpenAl's GPT via APl connection.

e Which of the approaches for developing an analytics project For each question, participants could respond with one of
seemed most correct to you? Correctness refers to offering a  the following options: (i) Approach 1—Traditional method: Using
coherent response that addresses the project goal in an objective, ~ standard Python libraries; (ii) Approach 2—ChatGPT as an
clear, visually appealing, and explanatory manner. external programming assistant; (iii) LIDA with GPT integration

Frontiersin Education 11 frontiersin.org


https://doi.org/10.3389/feduc.2024.1418006
https://www.frontiersin.org/journals/education
https://www.frontiersin.org

Valverde-Rebaza et al.

10.3389/feduc.2024.1418006

Approach 1 o
Approach 2 L -
Approach 3 L4
None L4
Approach 1 *—e
Approach 2
Approach 3 DO Ease of use
- Speed of result
None * Appropriateness
Correctness
A h 1
pproac T i e  Professional
Approach 2 ° . e  Student
Approach 3 . *
None *
Approach 1 - °
Approach 2 ° -
Approach 3 ° °
None L2
0 5 10 15 20 25 30 35
Number of participants
FIGURE 11
Perception of participants grouped by role regarding the ease of use, speed in achieving results, appropriateness, and correctness for each of the
three approaches to solving data analytics projects.

via API; and, (iv) None. Figures 11, 12 show the participants’
perceptions regarding these four aspects, considering their roles
and gender, respectively. Specifically in Figure 12, aiming to
maintain the legibility of the chart, we opted to exclude the
individual who chose not to disclose their gender.

As stated in Figure 11, regarding the ease of use aspect, both
students and professionals agree that Approach 2 offers greater
advantages. Some students attribute this advantage to Approach
3, while very few students consider Approach 1 to be easier to
use. Here it is important to notice that all professionals completely
agree that using ChatGPT as a programming assistant is the easiest
way to tackle data analytics projects, while students’” opinions are
diverse. This perception is also reflected from a gender perspective,
as depicted in Figure 12, which illustrates that both males and
females predominantly consider Approach 2 to be the easiest to
use. This preference suggests that regardless of gender and role,
participants found ChatGPT to be more user-friendly and easier to
use compared to the other approaches.

When we look at the speed factor of obtaining results in
both Figures 11, 12, we see that most students and professionals,
whether male or female, consider Approach 2 to be faster. Here
we observe that a significant number of participants consider
Approach 3, which integrates LIDA with GPT via OpenAT’s
API, to be the fastest method for developing the project.
This suggests that the streamlined workflow provided by this
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integration can be highly efficient. However, it is important
to note that the speed advantage of Approach 3 is somewhat
nuanced. The immediate response to a prompt in ChatGPT
is inherently quicker because it bypasses the additional steps
required for integrating and configuring the prompt to work
within the LIDA + GPT environment. This additional setup
in Approach 3 can introduce delays, even though the overall
approach might offer superior functionality and efficiency once
fully operational.

When Figures 11, 12 examine the appropriateness of different
approaches in minimizing the effort required on programming
details for data analytics projects, both by role and by gender,
Approach 3 emerges as the preferred method. This indicates
that integrating LIDA with GPT is widely recognized for its
potential to streamline programming efforts effectively. However,
it is noteworthy that a significant proportion of students also find
Approach 2 to be a competitive option in this regard. This suggests
that while the advanced integration capabilities of Approach 3
are appreciated, the straightforward and immediate assistance
provided by ChatGPT in Approach 2 remains highly valued,
particularly among students.

In examining the correctness of results across different
approaches, as shown in Figures 11, 12, Approach 3 consistently
emerges as the preferred choice among participants, irrespective
of their role or gender. However, it is noteworthy that there is a
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FIGURE 12
Perception of participants grouped by gender regarding the ease of use, speed in achieving results, appropriateness, and correctness for each of the
three approaches to solving data analytics projects.

closer alignment of preferences with Approach 2 and, surprisingly,
also with Approach 1. Given that this factor assesses the quality of
results produced by each approach, it is expected that Approach
3 would be preferred for its specialized support in data analytics
projects provided by the integration of LIDA with GPT. This
preference underscores its effectiveness in delivering high-quality
outcomes with minimal manual programming effort. Approach 2
also received a favorable reception due to its capability to provide
valuable assistance, though ChatGPT requires participants to craft
precise prompts and possess expertise in data analytics project
development. It is noteworthy that some participants, particularly
students identified as female, found Approach 1, which relies on
traditional programming packages, to offer greater correctness
in results. This might reflect their comfort and familiarity with
conventional methods or a preference for the precision and
control that manual coding provides. Overall, while advanced and
integrated approaches such as Approaches 2 and 3 are favored for
their efficiency and support in data analytics, traditional methods
like Approach 1 still hold significant value for certain participant
groups regarding perceived correctness and reliability.

Finally, evaluations were conducted on the projects
optionally submitted by the participants. From the instructors’
projects
enhanced comprehension and application of data analytics

perspective, utilizing Approach 3 demonstrated

concepts among participants, irrespective of their computational
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background. Integrating LIDA with a GPT led to project
solutions of higher quality, indicating a heightened proficiency
in data management and application development. Moreover,
instructors considered that Approach 3 fostered an immersive
and engaging learning experience in learners, significantly
more so than those developed using other approaches. Such
enriched narrative elements improve the project’s clarity and
impact. Those elements also contribute to a more compelling
presentation of data insights, highlighting the added value of
integrating advanced generative AI tools with traditional data
analytics frameworks.

5 Discussion and final remarks

This work highlights the potential of employing generative
Al-based tools to revolutionize the development of data analytics
competencies among students and professionals, regardless of their
computational background. To this end, we presented a case study
that, to our knowledge, is the first to evaluate the use of these
technologies in the data analytics learning process, comparing
them with each other and with traditional approaches based on
programming packages.

A key lesson from our case study is the transformative potential
of approaches based on integrating advanced generative Al tools
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like GPT with specialized frameworks such as LIDA. The higher
levels of participant preference indicate the superiority of these
approaches over traditional development methods. However, it is
important to highlight that when using general-purpose generative
AT tools such as ChatGPT, users must be aware of the data analytics
process and take responsibility for filtering out potential errors
or incompleteness in the requirements of a data analytics project.
These deficiencies can be mitigated by using more advanced tools
specialized in supporting data analytics tasks, such as LIDA with
GPT. However, users still need advanced programming knowledge
to properly configure this connection via APL

Additionally, our findings suggest that the learning curves
for the different approaches vary significantly. Since learners
encountered technical difficulties in developing the project and
interpreting the results, Approach 1 has a steep learning curve.
Approach 2, which involves consolidating the ChatGPT responses
into a cohesive project, has a shallow learning curve due to the
challenge of verifying the suitability of the solution. Approach
3, using LIDA integrated with GPT, has a J-curve pattern, with
initial developing difficulties related to establish the connection via
API and configuring the LLM, followed by a smooth and efficient
process once set up.

It is important not to disregard that some users may feel
insecure about the solutions generated by Al tools, leading them
to prefer the traditional approach to developing data analytics
projects. Therefore, there is a significant opportunity for generative
Al tools to improve their performance, providing accurate,
complete, and convincing results for data analytics projects, thereby
increasing user confidence in adopting these technologies.
this the
heterogeneity of participants’ affiliations and ages, the short

Some limitations concerning work include
time allocated for completing activities for each approach, and the
need for further studies to address the insecurity aspects related to
the use of Al-based tools by some participants. Additionally, more
extensive validation is required to assess the acquisition of critical
thinking skills.

Nevertheless, we hope this work highlights the opportunities
and needs for integrating advanced LLMs into educational
practices, particularly in developing computational thinking skills.
Our findings suggest that such integration can significantly enhance
the learning of advanced skills, especially those related to data
analytics. We aim to establish this study as a foundation for the
methodical adoption of generative Al tools in educational settings,
paving the way for more effective and comprehensive training in
these critical areas. In future work, we plan to replicate this study
with a larger participant pool and compare LIDA with similar
technologies. Additionally, we intend to evaluate performance

across various LLMs beyond GPT.
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