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Abstract

The introduction of large language models (LLMs) has significantly influenced learning and
learning assessments, dividing the academic community with arguments for and against
their implementation. This study investigates how LLMs can be effectively incorporated
into student assignments on sustainable development in local communities. In that regard,
the study pairs traditional, community-oriented tasks with emerging frameworks for struc-
tured LLM use, emphasizing that output quality depends on prompt quality. Accordingly,
several prompting frameworks were outlined, and the suitability of ChatGPT and Gemini
for specific assignment tasks was assessed. The effectiveness of the approach was evaluated
with a survey of two student groups: one using supervised LLM support (23 students)
and another using LLMs independently (17 students). Compared to the unsupervised
group, the supervised group reported that the frameworks enhanced project preparedness,
fostered critical thinking, and reduced reliance on mentors. The supervising mentor noted
a slightly lower workload than in earlier projects, while the mentor of the unsupervised
group reported higher effort in guiding and refining outcomes. Overall, the findings sug-
gest that guided LLM integration has the potential to improve learning, deepen critical
engagement, foster independence, and reduce mentor workload when compared to those
who do not provide structured guidance in LLM use.

Keywords: community-based learning; problem-based learning; education; LLMs;
ChatGPT; Gemini; SDGs

1. Introduction
The theoretical landscape surrounding the contribution of digital transformation

to sustainability issues is lacking in the literature [1]. This can be considered an issue,
as societies are increasingly expected to rely on novel technologies in address modern
challenges. In this context, the emergence of large language models (LLMs) introduces
an additional layer of complexity to the ongoing discourse on digital transformation and
sustainability. However, LLMs in sustainability education are still a contentious issue,
dividing the academic community with arguments for and against their implementation [2].
On the negative side, the unsupervised and untrained use of LLMs raises ethical and
privacy concerns [3], specifically in written assessments [4]. Furthermore, their threat to the
cognitive development of critical thinking and the proclivity for artificial hallucinations [5]
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undermine accuracy and dependability. If students are untrained in prompting frameworks
(PFs), they may not receive appropriate responses from LLM chatbots, and there is a risk
of skill degradation, particularly in the ability to construct well-crafted arguments [6].
Despite advances in emotional understanding, LLMs cannot provide the necessary level of
empathy [7], one of the most important aspects of teacher–student interaction. Aside from
that, professors and lecturers are still relatively unaware of the technology’s capabilities, let
alone how to use it properly or detect its use. The professional community assumed that
two years after the LLM was introduced, students would learn how to use the technology;
three years later, professors would become aware of when students are using it, and five
years afterward, universities would decide how to respond [8] (Figure 1).

Figure 1. Projected timeline of LLM adoption and university response (derived from [8]).

This was a trigger for many to start adapting educational programs [9–13], empha-
sizing the need to teach students and educators how to effectively utilize the technology
so they can program machines and not vice versa. On a positive side, a number of review
studies show that LLMs can help with decision-making in medicine [14], law [15], computer
coding [16], and other educational domains [17]. However, only a small number of papers
have looked into the usability of LLMs in the context of sustainability (Section 2 of this
study), and, to date, no research has been found that deals with bridging sustainability
education with LLMs.

To fill the existing gap and introduce domain-specific novelty, this study investigates
whether guided use of LLMs can improve students’ critical thinking, work quality, and
independence in projects related to the sustainable development of local communities.
To quantify the findings, the study used descriptive and analytical approaches. The
quantitative approach aimed to allow for comparisons of students’ perceptions across
groups and contexts.

The research also examines whether supervised LLM guidance reduces mentors’
workload when compared to mentoring projects with unsupervised LLM use, through a
qualitative approach. In addition to these findings, the study contributes to the academic
community by proposing a project framework that enables professors to effectively lever-
age emerging technologies in sustainability projects within local communities, thereby
enhancing university curricula and benefiting societies.

The remaining sections of this paper are organized as follows. Section 2 summarizes
previous research on leveraging LLMs for sustainable development and highlights the
research gap. Section 3 describes the materials and methods used, including (Section 3.1)
the selection of LLMs for student projects, (Section 3.2) the selection of prompting frame-
works and effective communication strategies, (Section 3.3) the project assignment on local
community sustainability, and (Section 3.4) evaluation design. Section 4 presents the re-
sults and discussion, including (Section 4.1) assignment with LLM prompting frameworks,
(Section 4.2) descriptive evaluation of supervised versus unsupervised LLM use, and
(Section 4.3) inferential evaluation using logistic regression and post hoc power analysis.
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Section 5 discusses the study’s challenges and future research directions, while Section 6
concludes by discussing the implications for “digitainability”.

2. Literature Review: Leveraging LLMs for Sustainable Development
The scientific and professional community has started looking into the advantages

and disadvantages of novel technologies to assess LLMs’ usability in various sustainability
sectors. Thurzo et al. [18] claim that ChatGPT (gpt-3.5) can boost operational effectiveness
by facilitating timely decisions. Rathore [19] investigated the potential use of LLMs in
the textile sector for sustainable development, showing that technology can reduce waste
production, enhance product quality, and support sustainability objectives. Similar findings
were reached by Alves et al. [20], who confirmed that AI chatbots can support natural
resource management decision-making. Parović [21] argues that LLMs can positively
impact a just energy transition. In a basic building project, Prieto et al. [22] showed that
GPT is capable of producing a logical construction schedule. The authors claim that the
platform successfully completed the work scope. According to other studies, generative
AI can help supply chains run more efficiently and enable intelligent traffic management
systems [23]. The effects of climate change on particular populations can also be determined
using AI-driven data [24]. For instance, Jungwirth and Haluza [25] point out that LLMs
may help tackle social megatrends. Recent research has also looked into LLMs in domestic
assistants and LCA workflows, knowledge-building discourse, e-commerce product claims,
classroom programming support, and sustainability reporting (Table 1) [26–34].

Table 1. Overview of LLM’s usability in sustainable development studies.

Ref. Country LLM Aim Findings

[26] Italy,
Belgium

ChatGPT,
BingAI,
Bard,
LLaMA

to compare the generative
capabilities of four large
language models in
ecological sustainability

ChatGPT is a promising LLM for
embedding into home assistants to
foster sustainable behaviors in
domestic environments.

[27] USA,
S. Arabia

Gemini,
GPT-4

to explore the opportunities,
challenges, and risks associated
with using LLMs in various life
cycle assessment tasks

LLMs can enhance efficiency and
accessibility but pose challenges such
as hallucinations, data reliability issues,
and the need for responsible oversight

[28] Italy

GPT-3.5,
GPT-4,
Claude 1,
Claude 2,
Bard, LLaMA,
LLaMA 2

to propose a pedagogical and
technological framework for
using LLMs to address
sustainability issues in
assessment and feedback in
higher education

LLMs enhance assessment in higher
education by automating evaluation,
providing personalized feedback,
reducing workload, improving
objectivity, and enabling
continuous learning.

[29] Greece GPT-3.5,
GPT-4

to automate the identification of
sustainable product attributes
from product descriptions, titles,
and product specifications.

GPT effectively identifies sustainable
product features, supports eco-friendly
purchasing, but requires improved
response formatting and consistency

[30] Singapore ChatGPT
/GPT-3.5

to explore how GPT can be
utilized in designs that support
sustainable student discourse
and knowledge creation.

Generative AI enhances student
discourse but requires oversight due to
potential inaccuracies, biases, and
ethical concerns in educational use
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Table 1. Cont.

Ref. Country LLM Aim Findings

[31] Brazil GPT-3.5

to examine how the integration
of ChatGPT in coding and
programming courses impacts
student perceptions of
educational support,
sustainability, and individual
learning experiences.

The study finds that over 90% of
students value ChatGPT in
programming courses, 70% emphasize
teacher interaction, and 29.7% worry
about generative AI overuse
in assessments

[32] Qatar,
Canada

ChatGPT
/GPT-4

to examine the integration of
generative AI tools in education
in the context of education for
sustainable development (ESD).

Generative AI enhances personalized
learning and collaboration in ESD but
raises ethical concerns, digital divide
issues, and risks of overreliance

[33]
S. Africa,
N. Zealand,
UK

ChatGPT
to analyze the benefits and risks
of using generative AI tools for
sustainability reporting.

Generative AI improves sustainability
reporting efficiency but risks
greenwashing, reliability issues, and
transparency concerns, requiring
governance, assurance, and
ethical oversight

[34] UAE ChatGPT

to discuss the potential impact of
generative AI on education and
the need for a sustainable
approach to its implementation.

Generative AI enhances personalized
learning, tutoring, and assessment but
raises concerns about privacy, bias,
academic integrity, and
teacher–student dynamics.

In summary, these studies suggest that LLMs can improve efficiency (e.g., faster
collection and interpretation of life cycle inventory) [27], personalize learning and feed-
back [28,31,32], and provide easier access to high-quality guidance [32,34]. However, they
also recognize persistent threats of hallucinations and bias [27,33,34], weak source verifia-
bility [27,29], greenwashing in narratives [33], issues over privacy and fairness [32,34], and
student overreliance [31,34]. Holmes et al. [35] see these prior opportunities as a threat to hu-
manity, as AI chatbots may not always reflect the values of society as a whole. Along these
lines, Hartmann et al. provided converging evidence on ChatGPT’s pro-environmental,
left-libertarian orientation [36], while Subaveerapandiyan et al. [37] indicate that LLMs
should aid decisions rather than generate ideas. Nevertheless, the emerging opinion is to
adopt rather than ban LLMs on strict terms: retrieval-augmented prompting and trans-
parent citation [27], human-in-the-loop review and board/faculty AI literacy [27,33,34],
integrity by design evaluation and oversight [28,31,34], robust data governance and inde-
pendent assurance for reporting [33], and continuous capacity building in accordance with
education for sustainable development goals [32]. Henceforth, students and the general
public should be properly trained to utilize novel technology, maximizing its benefits while
avoiding misuse.

3. Materials and Methods
To enhance clarity, the Materials and Methods Section is organized into the following

subsections: Section 3.1. LLM Chatbots for Sustainable Development Projects, which provides
a brief comparison of GPT and Gemini, i.e., a summary of existing assessments that
informed the selection of LLMs for the student tasks; Section 3.2. LLM Frameworks—Effective
Communication Strategies for Interacting with LLM Chatbots, describing the methodology
employed in choosing the most effective LLM prompting frameworks; Section 3.3. The
Project Assignment—Students Engaging with Local Community Sustainability, presenting the
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organization of the student project this research refers to; and Section 3.4. Evaluation of LLM
Effectiveness in Student Sustainability Projects, explaining the procedure used to assess how
guided LLM use influenced students’ critical thinking, work quality, and independence.

3.1. LLM Chatbots for Sustainable Development Projects

To identify the LLM that would provide the most appropriate answer to students’
inquiries, this study relied on existing assessments in the literature. Specifically, the
study adopts the methodological description and comparative framework used by Wangsa
et al. [38] to compare two major AI research organizations, OpenAI (ChatGPT) and Google
DeepMind (Gemini). A summary of the key strengths and limitations of the two LLMs is
presented in Table 2. Based on their comparative advantages, this study recommends one
chatbot over the other in dealing with specific project tasks, prioritizing Gemini for tasks
requiring up-to-date online searches and ChatGPT for tasks focusing on academic writing.

Table 2. Comparative analysis overview of chatbot models (as refined from [38]).

Criteria ChatGPT Gemini

Strengths and Opportunities Multiple choice questions, academic text,
advanced in academic and practical tasks

Non-original problems
online, interactive feedback,
real-time internet access

Weaknesses and Challenges
Inaccurate information,
consistency issues, academic concerns, lack
of contextual awareness, safety concerns

Generates different answers,
consistency issues, original
scientific contribution

Performance Metrics 1 High Medium

Scope of Knowledge 2 High High (Real-time)

Use Cases Excelling In Academic research, trivia,
education Education, real-time queries

Use Cases Limited By Scientific contributions Detailed scientific writing, complex
reasoning tasks

Knowledge Update Frequency High
(Quarterly updates)

High
(Real-time)

1 Performance Metrics reflect a subjective synthesis based on the performance and behaviors of the models as
reported in the literature [38]. 2 The Scope of Knowledge is an interpretive assessment of the range of topics and
the depth of discourse that each model demonstrates across various domains.

3.2. LLM Frameworks—Effective Communication Strategies for Interacting with LLM Chatbots

To fully harness the potential of LLMs, one must properly formulate a question and pro-
vide relevant details for accurate and meaningful responses. While individual prompting
techniques (e.g., zero-shot (zero-shot learning aims to solve unseen tasks without labeled
training examples [39]), role prompting, chain-of-thoughts (chain-of-thought prompting
enables complex reasoning capabilities through intermediate reasoning steps [40]), etc.)
help refine certain aspects of interactions, only a well-designed PFs (combining multiple
prompting techniques) ensures a systematic and scalable approach. Having this in mind,
the five authors of this study, serving as the project mentors, reviewed PFs established in the
professional community [41], leveraging knowledge transfer to identify those most suitable
for the project tasks. Among the nine PFs analyzed [41], the main differences concerned
the order of instructions and the level of detail requested in LLM responses. Accordingly,
the mentors selected PFs whose instruction order aligned with task expectations, differing
primarily in the degree of detail the LLM was expected to provide. The mentors then
assessed the quality of LLM responses produced under each PF on the project tasks. PF
selection (Table 3) and task-to-PF matching (Table 4) were based on interrater reliability.
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(Inter-rater reliability is the extent to which two or more raters (or observers, coders, ex-
aminers) agree. It addresses the issue of consistency of the implementation of a rating
system [42]). Each of the five mentors (a) rated the suitability of each PF’s structure [41]
on a 1–9 scale (9 = highest) and (b) evaluated the quality of LLM responses to example
questions for PFs provided by the coordinating mentor on a 1–2 scale. For the former, the
study selected the two best-ranked PFs (Table 3), while for the latter, the study selected the
PF with the better rank corresponding to the project task.

Table 3. Selected PFs, their meaning, and the activities they refer to.

PFs Meaning Activity

R.A.C.E.

Role Specify the role of the LLM chatbot.
Action Detail what action is needed.
Context Provide relevant details of the situation.
Expectation Describe the expected outcome.

R.O.S.E.S.

Role Specify the role of the LLM chatbot.
Objective State the goal or aim.
Scenario Describe the situation.
Expected Solution Define the desired outcome.
Steps Ask for the actions needed to reach the solution.

Table 4. Project assignment with recommended LLMs and frameworks for task completion.
Project topic: contributing the sustainable development of local communities—example of (chal-
lenge/problem) in (location community).

Task LLM PF

#1 INTRODUCTION

• Describe the activity or action that leads to the sustainability challenge
the team aims to overcome/improve. Original work Original work

• The introduction should include general information on social activities
that hinder the sustainable development of society. ChatGPT R.A.C.E.

• Study and cite available literature dealing with similar issues. Gemini R.A.C.E.

#2 RESEARCH OBJECT

• Present a specific local community issue that hinders sustainable
development. Original work Original work

• Describe the geographical location. Original work Original work

• Take photographs of the problem or its consequences. Original work Original work

• Explain the impact of the local issue on the environment, public health,
and overall quality of life. Gemini R.O.S.E.S.

• Assess the financial implications: Who bears the cost? How much?
Study and cite available literature dealing with similar issues Gemini R.A.C.E.

#3 LONG-TERM EFFECTS

• What consequences would your neighbourhood face if the problem you
are dealing with is not addressed? Examine the impact trend in 5, 10,
and 20 years (consider CO2 emissions, impact on health, spatial increase,
increase in mass, etc).

ChatGPT R.A.C.E./
Original work
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Table 4. Cont.

Task LLM PF

#4 IMPACT OF THE PROBLEM ON SDGs

• How will addressing the local problem/challenge from task #1 impact
the SDGs? ChatGPT R.O.S.E.S.

#5 EXAMPLES OF GOOD PRACTICES

• Identify two locations where a similar problem has been resolved or
does not exist. If resolved, explain how. If it does not exist, discuss why.
Study and cite available literature dealing with similar issues.

Gemini R.O.S.E.S.

#6 PROPOSED SOLUTION

• How can the problem be solved? ChatGPT R.A.C.E.

• Is it possible to apply existing solutions from task #5? ChatGPT R.O.S.E.S.

• Often, existing solutions need further adaptation—explain why. ChatGPT R.A.C.E.

• If local community organizations do not function as expected, analyze
why and suggest ways to encourage change. Gemini R.O.S.E.S.

• Are such problems an obstacle or an opportunity for private
entrepreneurship and new workplaces? ChatGPT R.A.C.E.

#7ASSESSMENT OF IMPROVEMENT

• How does the team expect their solution to contribute to the sustainable
development of society? ChatGPT R.O.S.E.S.

• Will it reduce pollutant emissions and resource consumption? ChatGPT R.A.C.E.

• Will it save time, energy, and money? ChatGPT R.A.C.E.

• Will it create new jobs? ChatGPT R.A.C.E.

• Will it improve public health and overall quality of life? Gemini R.A.C.E.

3.3. The Project Assignment—Students Engaging with Local Community Sustainability

This research was conducted within a course on sustainable development in first-year
engineering studies. In addition to lectures, the course consists of a project requirement that
allows students to learn by working on sustainable development in their communities. The
project was designed to be a group project of three to four students led by a mentor. The aim
was for students to identify environmental or energy challenges in their local community
and propose solutions for their improvement. As recommended by the European School
Education Platform [43], the project tasks were written to follow the principle of the 4 Cs:
Critical thinking, Creativity, Communication, and Collaboration. In brief, the project
required students to (1) define the problem/challenge (quantify its impact on society
or the environment), (2) analyze trends (explain the need for action), (3) determine the
impact of the problem on SDGs (link local initiatives to global challenges), (4) learn from
successful solutions, (5) tailor existing solutions to the local challenge, (6) outline problem-
solving steps, and (7) cCalculate energy and CO2 savings. As noted by project mentors, the
bottleneck in task completion was students’ inexperience, as not all the students knew who
the stakeholders could be, what consequences the problem/challenge causes, where to start
the action, or how. In addition, this was exacerbated by a lack of structured, step-by-step
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reasoning. To address these issues, this study proposes the integration of LLM chatbots
and proper LLM frameworks into the workflow.

3.4. Evaluation of LLM Effectiveness in Student Sustainability Projects

To evaluate the proposed framework, a pilot study was conducted with two indepen-
dent student groups. One group (collectively referred to as Mentored Group A (MGA))
was guided through the assignment using the new hybrid framework with supervised
application of LLMs, while the other (Mentored Group B (MGB)) completed the same tasks
under a traditional mentoring approach without structured LLM guidance. Both cohorts
(MGA and MGB) consisted of students from the same year, enrolled in the same mandatory
course. Mentors worked together to align project requirements, reducing variability in
expectations. At the end of the project, both groups completed a survey questionnaire
(Supplementary Material S1) designed to capture their perceptions of usability, learning out-
comes, and critical thinking development. The pilot study design thus enabled a controlled
comparison between test and control conditions. The comparison involved descriptive
and inferential approaches. The former (Section 4.2) used box-and-whisker plots, showing
quartiles, medians, and average values of survey ratings. The latter (Section 4.3) involved
univariate and multivariate logistic regressions to assess between-group differences (test
group/control group), reporting p-values, odds ratios, and confidence intervals to deter-
mine statistical significance. (An odds ratio (OR) is a statistic that gauges how closely two
events, A and B, are related. If OR is equal to 1, then the two occurrences are considered
independent. If the OR is greater than 1, A and B are associated (correlated) in that having
B increases the odds of having A compared to not having B, and the opposite is true. If
the OR is less than 1, then A and B are negatively associated, meaning having one event
lowers the likelihood of having the other [44]). To determine whether the research with this
sample size has sufficient statistical power, the study included a post hoc analysis using
G*Power (version number 3.1.9.7) [41]. The analysis is based on the observed effect size
(Cohen’s d) and the actual sample size under the conditions of a two-tailed paired t-test
with a significance level (α) set at 0.05.

4. Results and Discussion
To enhance clarity, the Results and Discussion Section is organized into the following

subsections: Section 4.1. The Project Assignment with LLM Prompting Frameworks, present-
ing the assignment proposed in this study; Section 4.2. Descriptive Evaluation of Student
Responses: A Pilot Study of Supervised and Unsupervised LLM Use, and Section 4.3. Inferen-
tial Evaluation of Student Responses: A Pilot Study of Supervised and Unsupervised LLM Use,
comparing the experiences of students and lecturers involved in the assignment with super-
vised LLM use with those who completed the same assignment tasks with unsupervised
LLM use.

4.1. The Project Assignment with LLM Prompting Frameworks

By using the existing project coursework (Section 3.2), frameworks introduced by the
professional community (Table 3), and insights into the strengths and weaknesses of the two
prevalent LLMs (Table 2), this study proposes a project assignment focused on sustainable
community development (Table 4). When recommending specific LLMs, the mentors
followed benchmarks reported in [38], giving preference to Gemini for tasks requiring
up-to-date online searches, while ChatGPT was adopted as the better option for academic
writing. Based on the mentors’ interrater assessments, two selected prompts (Table 3)
follow a structured order: role first, action or objective second, context or scenario third,
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and expectation/expected solution fourth, with the only distinction being the requirement
of “steps” in the more detailed PF.

Students were encouraged to respond to all project tasks by completing or sharing the
bullet subtasks. Table 4 contains PFs that students could use in responding to the subtasks,
while some of the subtasks require no other work than the original team expressions. Sup-
plementary Material S2 provides more details on organizing a potential PF. Following the
chatbot assistance, team members should refine the chatbot responses and organize them
into (1) an appropriate essay chapter and (2) bullet points for a PowerPoint presentation.
Teams should be prepared to defend their ideas during a multi-team meeting moderated
by a mentor. In this session, opposing team members will take on the role of the advocatus
diaboli, challenging the presented ideas with counterarguments. These briefings should not
influence the negative points awarded to the team defending, but they may provide extra
points to the team presenting counterarguments. The mentor will determine and discuss
the essay structure with all teams, ensuring that arguments are heard and debated multiple
times. Each task should be reviewed in biweekly briefings before the final oral defense,
where the entire project will be presented in front of teams led by different mentors. The
number of teams in a defense session should equal the number of mentors leading the teams
(and moderating the session), with one team from each mentor. During the oral defense,
the defending team will face off against other groups led by different mentors, students
with whom they have not previously interacted. This setup increases the likelihood of
encountering new counterarguments, which requires them to think critically and respond
effectively in real time. As a result, this should help to develop critical thinking skills and
may indicate that defending an idea and critically observing all of its consequences in
advance is more important than just proposing one.

4.2. Descriptive Evaluation of Student Responses: A Pilot Study of Supervised and Unsupervised
LLM Use

The results presented in this section are based on the survey (Supplementary Material S1).
For comparison, the survey considered two independent groups: MGA (six teams,
23 students) serving as a test group, and MGB (five teams, 17 students), serving as the
control group. An analysis of the survey responses revealed that the majority of students
from both groups had used LLMs on previous and during this assignment (85%, MGA;
94%, MGB); however, none were familiar with the prompting frameworks.

Regarding the other responses (Figure 2), the questionnaire revealed distinct variations
between students who were supervised using LLMs and those who were not. According to
the mean scores (M) of Likert-scale ratings, the MGA perceived that their project frame-
work prepared them better for future tasks using LLMs (M = 3.71) than MGB (M = 3.07).
Moreover, MGA provided 19% stronger affirming responses (fours and fives), compared
to MGB (40%), shifting the median answer to 4 for MGA and 3 for MGB. The highest
discrepancy between the two group responses was noticed when answering to what extent
LLMs encouraged critical thinking (MGA (M = 3.53), MGB (M = 2.73)). This was to be
expected, given that MGA had a mentor who was prepared to critically discuss the use
of LLMs in the assignment, as opposed to MGB’s traditional mentoring approach, which
focused on the students’ work per se. Following the disparity in the mentoring approaches,
students from the MGA group were less confused by the answers received from the LLMs
(M = 2.76) than those from the MGB (M = 3.13). Moreover, the response deviation for
MGA was 35% smaller than for MGB, indicating that the first group’s responses were
more consistent, with more homogeneous opinions. This could be the result of critical
mentoring approaches in MGA, especially given that MGA students consider themselves
better prepared for future assignments than the MGB students (response to question 3,
Supplementary Material S1). When assessing the time saved by using LLMs to perform the
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tasks, the responses were reasonably similar (MGA, M = 3.38; MGB, M = 3.20), as was the
evaluation of the importance of the mentor in performing the task (MGA, M = 4.06; MGB,
M = 4.13). When assessing the potential for LLM chatbots to replace mentors in the future,
there was a difference in the two groups’ responses, with MGB’s median answer being 1
and MGA’s being 2. This aligns with the response outcomes of the second question of the
survey (Figure 2), particularly keeping in mind that in MGA, 29% of responses were three
or above, while in MGB, only 7% were. This suggests that students trained with effective
communication frameworks for LLMs perceive themselves as more capable of conducting
independent research than their counterparts who lack such structured guidance.

Figure 2. Likert scale distribution of student responses to the questionnaire (Supplementary Material S1).

In terms of overall student work grade, both of the mentored groups provided similar
results, with an average score (on a scale of 0 to 30, with 30 being the highest grade) of 25
for the MGA and 24.5 for the MGB. Members of the grading commission evaluated MGA
teams’ project work as organized and concise. The students were well prepared for the
defense, and the use of LLMs was more noticeable in MGB’s work than in MGA’s work.
The MGA mentor reported no bottlenecks, as seen in previous generations. The main
challenge this time was explaining the frameworks (Table 3) and designing the appropriate
prompts (Supplementary Material S2). On the other hand, the MGB mentor reported
obvious use of LLMs, as the initial work was too broad and not concise. In addition to the
usual bottlenecks, supervision of MGB required further efforts to make presentations and
papers more concise. To sum up, the MGA mentor described the introductory lectures as
the most challenging, describing the efforts on the assignment as somewhat easier than
before. By contrast, the MGB mentor noted increased efforts to shape the work properly,
describing it as somewhat more challenging than with previous generations.
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4.3. Inferential Evaluation of Student Responses: A Pilot Study of Supervised and Unsupervised
LLM Use

Based on the post hoc power analysis using G*Power [39] to evaluate the sample
size (n = 32) and observed effect size (Cohen’s d) for a two-tailed paired t-test at α = 0.05,
the computation revealed a statistical power of 0.8213, indicating that the research had
an 82.13% probability of correctly detecting the large effect, which exceeds the typically
accepted threshold of 80% [45].

Furthermore, to validate the findings from Section 4.2, the study performed univari-
ate and multivariate analyses in R software (version number 4.5.2), comparing student
responses to questionnaire items (Qs) between the two independent groups (Table 5). The
analysis indicated that LLM use matters to participants’ experience. The strongest finding
was for perceived critical-thinking support: agreeing that the LLM promoted critical think-
ing (Q2) had an independent association with lower odds (OR) for the outcome, indicating
a significant and statistically robust effect even after adjustment. Two other findings were
encouraging as well. Reporting faster completion of tasks with an LLM (Q4) had higher
odds of the outcome in univariate analysis and, upon adjustment, was directional as well,
potentially indicating a real effect to be confirmed. Reporting the hope that an LLM could
replace a mentor (Q6) was significant univariately (p = 0.048), but, upon adjustment, barely
missed significance (p = 0.054). The other measures (Q1, Q3, and Q5) were insignificant (all
p > 0.05), and several of the confidence intervals (CI) were very wide, indicating that at this
sample size, precision was poor.

Table 5. Results of univariate and multivariate logistic regression analyses for questionnaire items.

Variable Questions Univariate Analysis Multivariate Analysis

OR 95%CI p-Value OR 95%CI p-Value

Q1
Using LLMs in this

project could benefit
your future projects?

0.670 0.199–2.251 0.517

Q2
Did the LLM chatbot

promote critical
thinking?

0.137 0.022–0.862 0.034 0.224 0.058–0.860 0.029

Q3
Did the chatbot ever

give unhelpful
answers?

3.657 0.627–21.548 0.149

Q4 How much faster were
tasks with an LLM? 14.440 1.180–176.630 0.037 3.876 0.881–17.057 0.073

Q5 How important was the
mentor to your project? 0.301 0.056–1.616 0.161

Q6
Can an LLM chatbot
replace a mentor in

future projects?
0.155 0.025–0.984 0.048 0.278 0.072–1.020 0.054

Overall, these pilot data reveal LLMs’ promise for supporting critical thinking and
efficiency, justify a larger, properly powered investigation, and suggest critical thinking
promotion, task effectiveness, and mentor importance as the highest research priorities in
the future.

5. Challenges and Future Research Directions
This study was conducted entirely online during a national faculty blockade

(2024/2025) caused by a student-wide protest in Serbia [46], which may have influenced
student engagement and collaboration compared to traditional in-person settings. This
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context may have influenced student participation, communication, and motivation by
reducing the level of direct interaction while increasing solidarity and shared purpose. The
study is a limited pilot that serves as a proof of concept for incorporating LLM-supported,
project-based work on local sustainability challenges. As a limited pilot, this study did
not include qualitative feedback from students and instead relied on quantitative survey
metrics to ensure comparability.

Future research, building on the findings presented here, will be carried out as part of
a bilateral project between two Central European universities, involving larger and more
diverse cohorts of students and instructors to validate and generalize the findings across
multicultural contexts. In addition to this existing research, this should result in better
settings for examining small effects. The research will examine specific questions about the
effects of supervised and unsupervised LLM use on student learning outcomes across both
cultural and disciplinary (engineering and environmental protection) contexts. The design
will be strengthened by using team- or section-level randomization to compare supervised
versus unsupervised LLM use, pre/post measures of learning and AI literacy, and blinded,
rubric-based grading with inter-rater reliability tests.

6. Conclusions
This study proposed and tested a group project assignment using LLM chatbots to

address sustainability issues in local communities. Faculty members involved in the course
had identified key difficulties in previous assignments, recognizing that effective use of
LLMs could foster improved problem-solving approaches and allow for faster responses.
In this regard, the approach focuses on teaching students how to communicate with LLMs
through appropriate prompting frameworks. Simultaneously, to mitigate potential draw-
backs such as decreased critical thinking and emotional depth, this framework proposes
biweekly review sessions to track student progress and ensure meaningful engagement.
Mentors who oversee the groups should also facilitate debates between different teams,
encouraging critical thinking and students’ ability to defend the presented points of view.

The pilot involved eleven student teams (3 to 4 students each). Six teams were guided
by a mentor trained for this purpose, and their experiences were compared at a high level
to a cohort using LLMs without supervision. The supervised cohort avoided the recurring
design bottlenecks seen in previous generations, but it required initial instruction in prompt
engineering. Students reported that the frameworks would be useful in future projects,
that LLMs facilitated critical thinking, and that the mentor’s role was less important than
that of a cohort involved in traditional processes. The supervising mentor described his
overall effort as being slightly lower than in previous generations, whereas the mentor of
the unsupervised cohort reported greater effort to shape and refine the project presentation.

Taken together, these findings suggest that strategically incorporating LLM chatbots
into a project framework can help students become more self-sufficient and better pre-
pared to face emerging societal challenges. Furthermore, mentoring students who have
been trained to use LLMs properly would take less effort than mentoring those who
use the technology incorrectly. More broadly, the work is consistent with the concept of
“digitainability”—the intersection of digital technology and sustainability—as a catalyst for
accelerating progress toward the SDGs.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/su172210148/s1, Supplementary Materials S1: Student Feedback
on Chatbot Support in Project Development; Supplementary Materials S2: Table S1: Potential PF for
the project assignment tasks presented in Table 4. Project topic: Contributing sustainable development
of local communities—example of (challenge/problem) in (location community).

https://www.mdpi.com/article/10.3390/su172210148/s1
https://www.mdpi.com/article/10.3390/su172210148/s1


Sustainability 2025, 17, 10148 13 of 15

Author Contributions: Conceptualization, N.J.; methodology, N.J. and D.K. (Dénes Kocsis); software,
N.J.; validation, A.N., D.G., N.R., D.K. (Davor Končalović) and N.N.; formal analysis, N.J., A.N. and
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