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Abstract

Against global challenges like climate change and biodiversity loss, sustainable
development is the core orientation of engineering education transformation. Cultivating
talents with interdisciplinary perspectives, systemic thinking and Al literacy is crucial for
implementing the UN 2030 Sustainable Development Agenda. However, Al education
focuses on seniors or graduates, with freshmen’s use of Al acting as “cognitive partners”
for knowledge construction and complex problem-solving understudied, constraining
Al's potential in fostering early systemic thinking. We present a novel teaching practice
integrating generative Al into an “Al-Environmental System Analysis” module, with
Sousa chinensis habitat conservation as the case. Using a design-based research paradigm,
we evaluated 24 student groups via system analysis briefs, Al usage reflections and course
assessment data. Results show that the module effectively guided students to establish
preliminary system analysis frameworks, with over 70% of groups identifying complex
interactions among environmental factors. Students’ AI applications ranged from
information retrieval to scenario simulation, initially forming systemic thinking and
responsible Al literacy for sustainable development. This study provides a replicable
paradigm for integrating Al and sustainable development education, clarifies the key role
of structured instructional scaffolding, and enriches sustainable development-oriented
engineering education pathways.

Keywords: Al literacy; systems thinking; interdisciplinary teaching; environmental and
ecological engineering education; generative Al

1. Introduction
1.1. General Introduction

Human society currently faces a series of severe global challenges, including climate
change and rapid biodiversity loss [1]. Addressing these challenges and achieving the
United Nations 2030 Sustainable Development Goals (SDGs) requires future talent
equipped with interdisciplinary knowledge and systemic problem-solving capabilities
[2]. This demand is driving profound transformations in the international paradigm
underlying higher engineering education [3]. Accordingly, authoritative international
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engineering accreditation systems, such as the Washington Accord, have incorporated the
use of “modern tools to solve complex engineering problems” as a core competency
requirement for graduates [4]. Generative artificial intelligence (AI) technology has
rapidly developed in recent years [5]. Leading global universities are actively integrating
Al tools into their curricula, aiming far beyond basic skill training. Instead, they seek to
stimulate students’ critical thinking, innovative awareness, and ability to navigate
uncertainty through human-machine collaboration [6,7]. Recent first-year engineering
pilots also report a shift from using GenAl for knowledge acquisition toward problem
framing and early professional identity building [8].

However, research on Al education applications has predominantly focused on
senior undergraduate or graduate students, often emphasizing complex algorithm
development, sophisticated model building, or advanced specialized software
applications within specific disciplines [9,10]. This bias largely stems from the inertia of
“traditional engineering education models”, which we define in this study as pedagogical
approaches that strictly isolate technical tool learning (e.g., software operations, syntax)
from professional context application, relying on passive knowledge transmission [11,12].
Under this traditional paradigm, first-year students are often deemed “not ready” for
complex problem-solving. Thus, research on how they can systematically integrate Al as
a “cognitive partner” and “thinking catalyst” that assists in knowledge construction and
complex problem analysis, rather than as a passive tool for information retrieval or text
generation, remains critical [13]. This research gap has, to some extent, constrained the
immense potential of Al technology in fostering students’ professional identity and
establishing systematic thinking patterns that may serve them throughout their lives [14].

Against this background, we aimed to explore the following questions: (1) How can
an Al-driven interdisciplinary “Al-Environmental Systems Analysis” teaching module be
scientifically designed and effectively implemented for first-year environmental
engineering and ecological engineering students? (2) What specific impacts will this
innovative teaching practice have on first-year students in defining complex problems,
constructing systematic analytical frameworks, and developing future-oriented Al
literacy? Building upon teaching practices conducted during the Fall semester 2025, we
systematically evaluated the effectiveness of the teaching module through
multidimensional analysis of student projects, reflective journals, and assessment data.
We contextualized our research within the real-world case of “Sousa chinensis Habitat
Conservation”, a locally relevant and professionally representative issue, and aimed to
provide a robust empirical foundation and actionable model for advancing Al-enabled
interdisciplinary teaching for first-year undergraduate students globally.

1.2. Literature Review

1.2.1. Theoretical Evolution of Education for Sustainable Development and
Interdisciplinary Learning

As a pioneering educational philosophy, “Education for Sustainable Development”
focuses on integrating social equity, economic viability, and environmental protection
throughout the entire teaching and learning process [15]. It aims to cultivate students’
ability to understand and actively address the complex, interwoven challenges of the real
world [16]. This educational philosophy strongly advocates for interdisciplinary learning
approaches because core issues such as ecosystem management and clean energy
transition cannot be effectively addressed through the isolated knowledge of any single
discipline [17]. In engineering education, this trend necessitates breaking down traditional
disciplinary barriers [18] to create learning environments that enable students to integrate
knowledge from ecology, sociology, economics, engineering, and other fields [19].
Breaking down disciplinary barriers also involves cultivating critical skills for effective
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communication and collaboration with stakeholders from diverse knowledge
backgrounds [20].

More importantly, this innovative teaching practice aligns closely with the United
Nations Sustainable Development Goals (SDGs) [21]. The UNESCO has consistently
emphasized in recent years that higher education institutions bear the social responsibility
of cultivating future leaders for sustainable development [22]. By integrating cutting-edge
Al technology into the curriculum to foster future-ready engineering talents, we actively
respond to SDG 4 (Quality Education) and SDG 9 (Industry, Innovation, and
Infrastructure). Furthermore, by anchoring the course content in the conservation of the
Sousa chinensis and its habitat, we guide students to directly engage with SDG 14 (Life
Below Water), promoting awareness and solutions for marine biodiversity protection.

1.2.2. Systems Thinking: A Core Framework for Analyzing Complex Environmental
Issues and Teaching Practices

Systems thinking has been widely recognized as a foundational capability for
understanding and addressing sustainable development challenges [23]. It requires
learners to move beyond the sole memorization of isolated facts and instead focus on the
dynamic interrelationships among components within a system, non-linear feedback
loops, and the complex behaviors that emerge from the system as a whole [24]. Within
environmental science and engineering, conceptualizing specific environmental issues
(such as the conservation of particular species) as complex adaptive systems formed by
the continuous interaction and co-evolution of natural (e.g., hydrological, ecological,
geological) and human subsystems (e.g., policy, economic, cultural) [25,26] has become a
mainstream cognitive paradigm. Compared with more theoretically rigorous and
constructively demanding “Explanatory Models” [27], “Systems Analysis” offers a more
accessible conceptual entry point for academically novice undergraduates [28,29]. This
enables them to conduct preliminary yet meaningful systemic analyses of real-world
problems using visualization tools such as causal loop and stock-flow diagrams [30,31].
Research indicates that early training in systems thinking significantly enhances the
ability of students to understand complex issues and their creative problem-solving skills
in subsequent specialized studies [32].

1.2.3. Positioning Al as a Cognitive Augmentation and Critical Thinking Tool

Al, particularly generative Al, is undergoing a paradigm shift in education from
being a “supportive tool” to becoming a “cognitive partner.” This transformation can be
summarized as a transition from “tool usage” to “intelligence augmentation” [33]. Based
on its robust natural language understanding and content generation capabilities,
generative Al demonstrates immense potential as a powerful cognitive partner. It assists
students in efficiently processing vast information, generating and preliminarily testing
multiple hypotheses, and practicing logical reasoning, which can significantly expand
their cognitive boundaries [34,35]. However, achieving this deep, constructive human-
machine collaboration demands new competencies from students: prompt engineering
capabilities and the ability to correctly interpret Al outputs [36]. This reflective,
responsible, and ethical engagement with Al constitutes a core component of Al literacy,
an essential competency for 21st-century citizens and future engineers [37]. A significant
frontier in current educational research lies in exploring how to organically embed the
cultivation of these competencies into the specialized curricula of various disciplines [38].

However, integrating Al is not without risks. Recent scholarship cautions against the
“automation of thought,” where over-reliance on generative Al may lead to superficial
learning and a decline in epistemic diligence. If students treat Al as an oracle rather than
a fallible source, they risk inheriting the model’s hallucinations and biases. Therefore, a
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critical pedagogical challenge lies in designing interventions that leverage Al's processing
power while enforcing human critical oversight.

2. Materials and Methods

2.1. Module Design Philosophy: AI-Empowered Systems Analysis

The overarching design philosophy of this teaching module is “Al-Empowered
Systems Analysis” [39]. Its core objective is to guide first-year students in applying a
systems theory perspective to understand a real-world regional environmental issue
(“Habitat Change of the Sousa chinensis”) as a dynamic, open, and complex system. This
analytical framework (Figure 1) emphasizes a holistic view, requiring students not only
to identify key components within the system (e.g., water temperature, depth, turbidity
in the physical environment; prey abundance and competitors in the biological
environment, shipping traffic, fishing activities, coastal pollution, and tourism
development in the human-social environment), but also to delve into the intricate
interactions among these elements (e.g., shipping activities not only pose direct collision
risks but also generate underwater noise that masks the dolphins’ sonar signals,
disrupting their communication, navigation, and foraging behaviors). In this process,
generative Al tools are strategically positioned as “cognitive partners” and “force
multipliers” to assist students in executing multiple critical steps of systems analysis (such
as large-scale information integration and summary, multidimensional relationship
mapping and visualization, or future scenario simulation and evaluation) [40].

Generative Al as a Cognitive Partner
Information Synthesis >

A4

Systems Thinking

Complex

Environmental Real-World Cases

Element Identification
Interrelationship Mapping
Feedback Loops

Dynamic Model

Systems Analysis
(e.g., Chinese White
Dolphin Habitat
Conservation)

o Localized Issues
« SDG Relevance
o Multiple Stakeholders

!

Teaching Objective: Foster Systems Thinking
Skills and Responsible AI Competency.

Figure 1. Core Framework of the “Al-Environmental System Analysis” Teaching Module. This
framework demonstrates how systems thinking, generative Al (as a cognitive partner), and real-
world cases are integrated to collectively support the educational goal of developing the ability of

first-year students to solve complex environmental problems.

The teaching objectives of this module closely align with the core requirements of the
“Fundamentals of Artificial Intelligence” course syllabus, i.e., cultivating and improving
students” computational thinking and modern tool application skills in systems analysis
and human-machine collaboration. Specifically, upon completing this module, students
are expected to (1) employ fundamental systems thinking methods to deconstruct and
analyze complex real-world environmental problems; (2) proficiently and critically utilize
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generative Al tools to assist in information gathering, data analysis, concept visualization,
and report writing; and (3) gain a detailed understanding of the strengths and limitations
of Al technology, thus developing the habit and ability to responsibly use and evaluate
Al-generated content.

In the context of this module, we operationalize Critical Thinking not merely as a
general cognitive disposition, but specifically as “Al-mediated Evaluative Judgement.”
This involves two specific competencies: (1) Skepticism: The ability to question the
provenance and accuracy of Al-generated information [41]. (2) Triangulation: The
proactive habit of cross-referencing Al outputs with external authoritative data sources
(e.g., government reports, scientific literature) before acceptance.

2.2. Sequence of Instructional Activities

This teaching practice spans four weeks and is embedded as a core module within
the overall framework of the “Fundamentals of Artificial Intelligence” course. Its activity
sequence has been carefully designed into two interconnected phases with progressively

increasing difficulty(Figure 2).
Learning Activities and Tasks Tl::gezﬂléi)r;zt:ezzgs
Diagram Depicting Systemic
Complexity of the Problem.

Instructor-Guided Introduction Prompt Engineering Practice 1
to Generative Al Tools 3 Task Description: Create AT prompts for a structured

Select
Track
AorB

(Focusing on 1-2 review of the Sousa chinensis's key ecology, major
Predominant Models) threats, and conservation policies.
Prompt Engineering Practice 2
Task Description: Design Al prompts to map the In-Depth Interrogation of Key
systemic habitat factors impacting the Sousa chinensis Systemic Drivers.
and visualize their interrelationships.
Scenario Construction and
Narrative Crafting ctailed Specification of Al's Applicatior
LA Sub-task: Utilize Al to simulate and Science Modalities in the Analytical Process,
(Scenario Narratives s, project the comparative population ~ ——> Communication Video Including Exemplar Prompts and Critical
& Science trajectories of the Sousa chinensis under Production Al Outputs.
Communication) different management strategies over a
20-year horizon.

Preliminary Conservation
Recommendations and Plausible Future
Scenarios Derived from the Preceding

Analysis.

Exploratory Data Relationship Analysis
Sub-task: Leverage Al to analyze and
synthesize diverse datasets including
vessel tracking data, water quality
metrics, and Sousa chinensis sighting
records.

Task B
(Data-Driven —_—
Decision Support)

Decision Support Brief
Development

(50

Ongoing Activity: Critical Reflection on Al Usage and Iterative Prompt Refinement.

Figure 2. Teaching Activity Flowchart for the “Al-Environmental System Analysis” Module. This
diagram illustrates the two phases of the four-week teaching module. Phase 1 focuses on Al tool
exploration and problem framing, while Phase 2 offers students two distinct interdisciplinary
project tracks (A: Narrative Scenarios and Science Communication; B: Data-Driven Decision
Support) for in-depth practice. The entire process emphasizes integrating generative Al as a
cognitive partner into the systematic analysis of complex environmental problems through prompt

engineering and continuous reflection.

Phase I: AI Tool Exploration and Problem Framework Establishment (1 week)

This phase aligns with the “Al-Assisted Office Work” section of the syllabus. Under
faculty guidance, students first become familiar with the basic operations of one to two
mainstream generative Al large-model tools. The core tasks explicitly go beyond simple
functional tool operation, instead focusing on using Al to accomplish two foundational
tasks through carefully designed and continuously iterated prompt engineering:
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Information Gathering and Synthesis: Students design a series of prompts to guide
Al in extracting and synthesizing a concise, structured summary report based on diverse
online sources. This report covers the core ecological habits of the Sousa chinensis, its
primary threats (e.g., fisheries bycatch, underwater noise pollution, habitat
loss/fragmentation, water pollution), and existing domestic and international
conservation measures and policies.

Preliminary System Structure Exploration and Visualization: After obtaining initial
information, students further design prompts instructing the Al to create a conceptual or
system relationship diagram of “White Dolphin Habitat Impact Factors” based on the
aforementioned summary. This visualizes causal, correlative, and other interactive
relationships among different factors, laying a visual foundation for the subsequent in-
depth analysis.

Phase II: Interdisciplinary Project Practice (3 weeks)

This phase corresponds to the “Integrated Project Practice” segment in the course
syllabus. Ninety-four students were grouped by disciplinary background into 24 research
teams (three to four members per team), each selecting one of two distinct project
directions for in-depth exploration:

Project Track A (Scenario Narrative and Science Communication): Teams selecting
this track have to leverage the generative capabilities of Al tools to construct scenario
narratives that depict potential future trajectories of the Sousa chinensis population over
the next 20 years under varying human intervention and management strategies (e.g.,
implementing strict vessel speed zones, establishing and effectively managing marine
protected areas, rigorously controlling total land-based pollutant emissions). The final
deliverable should be a 3- to 5 min long science communication video featuring a clear
narrative logic that balances scientific rigor with emotional resonance. This track focuses
on developing students’ systems thinking, imagination, and science communication skills.

Project Track B (Data-Driven Decision Support): Teams selecting this track have to
leverage the data processing and analytical capabilities of Al tools to conduct exploratory
correlation analyses on publicly available shipping automatic identification system data
[42], long-term coastal water quality monitoring data, and historical white dolphin
observation records [43]. The final deliverable is a decision support briefing note
submitted to local marine management authorities, presenting actionable conservation
management recommendations grounded in data evidence. This track focuses on
developing students” data literacy and evidence-based logical reasoning and the ability to
translate scientific knowledge into policy language.

The final assessment deliverables of all teams consist of a structurally complete
Systems Analysis Briefing Note (Supplementary S1), which has to include four core
components: (1) A systems relationship diagram reflecting the complexity of the issue; (2)
an in-depth analysis of key influencing factors; (3) a detailed description of the specific Al
application methods used in the analysis process, including example prompts and key Al
outputs; and (4) preliminary conservation recommendations or a reasonable outlook for
future scenarios based on the above analysis.

2.3. Research Methodology

In this study, we adopted the Design-Based Research (DBR) paradigm, which aims
to develop effective instructional intervention strategies in authentic educational settings
through an iterative cycle of design, implementation, analysis, and refinement [44-46].
DBR has become a mainstream method for evaluating innovative instructional models in
educational technology. The iterative cycle of DBR effectively captures dynamic issues in
teaching, enabling timely adjustments to design plans to ensure both practical
applicability and theoretical innovation of research outcomes [47]. We specifically focused
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on evaluating the effectiveness of the first round of teaching. Subsequent iterations will
be conducted based on these results in the future, thus forming a complete closed-loop
cycle of “design-implementation—evaluation-improvement.”

2.3.1. Participants

The subjects involved this study were first-year students enrolled in the
“Fundamentals of Artificial Intelligence” elective course during the fall semester of 2025,
including one class of Environmental Engineering majors (49 students) and one class of
Ecological Engineering majors (45 students), totaling 94 participants. These 94 students
were grouped by their major, forming a total of 24 research teams. Details regarding
participant demographics and research timeline are presented in Table 1.

Table 1. Participant Demographics and Research Timeline.

Component Details
Class A (Environmental Eng.): 49 students (27 Male, 22
Participants (N = 94) Female).
Class B (Ecological Eng.): 45 students (21 Male, 24 Female).
Academic Level First-Year Undergraduate (Freshmen).
Grouping 24 Teams (3—4 stud?nFs Per team),.mixed gender, single-
discipline groupings.
Week 1: Al Tool Tutorials and Prompt Engineering Basics.
L Week 2: Problem Definition and Info Gathering (Phase I).
Timeline

Week 3: System Analysis and Scenario Simulation (Phase II).
Week 4: Final Project Synthesis and Reflection.

Pre-course survey, Weekly Reflection Logs, Final Group Briefs,

Dat llecti
ata Collection Course Grades.

2.3.2. Data Sources and Collection

(1) Core Qualitative Data: Final system analysis briefs submitted by all 24 groups at
project completion (24 electronic documents).

(2) Supplementary Qualitative Data: Each student independently submitted a
“Reflection Report on Al Usage Process” (Supplementary S2) of no fewer than 500 words.
To reduce purely subjective reporting, students were required to include representative
prompt excerpts and corresponding Al outputs, and to describe at least one cross-
check/triangulation action (e.g., comparing sources or models). This report focused on
describing the primary challenges encountered in the group project when using Al, the
prompt optimization strategies employed, the process for assessing the reliability of Al
outputs, and personal reflections on the experience.

(3) Quantitative Course Assessment Data: Two comprehensive case analysis
questions were specifically designed before the course concluded to evaluate students’
propensity to apply systems thinking in analyzing problems within novel contexts.

2.3.3. Data Analysis Methods

(1) Qualitative Content Analysis of System Analysis Briefs: Drawing upon the
standard thematic analysis framework presented by Ahmed et al. [48], we developed a
three-dimensional approach aligned with our research objectives:

e  Complexity of System Structure: We counted and analyzed the total number of
distinct impact factors identified in the briefs, along with the diversity of factor types
(natural/human-made). We focused on evaluating the quality of descriptions
regarding inter-factor relationships, including whether the direction and strength of
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interactions were accurately indicated, and whether systemic features such as
indirect effects and feedback loops were recognized. Two researchers conducted the
assessment, resolving discrepancies through discussion to ensure consistent results
[49].

e  Argument Rigor: We evaluated whether the core arguments in the briefs were
effectively supported by diverse evidence [50]. Evidence may include Al-generated
information cross-validated by students, cited authoritative public data, sound
logical reasoning chains, or simple computational analysis [51,52].

e Depth of Al Application: We classified students into three levels based on their
demonstrated Al usage in briefings and reflections [53]: (Level 1) Information
retrieval and simple summarization; (Level 2) Data interpretation, relationship
mapping, and chart generation; (Level 3) Scenario simulation, multi-scenario
comparison, and creative content generation. To strengthen pedagogical
interpretability in sustainability-oriented engineering education, we additionally
align our three levels with post-LLM integration perspectives [54].

(2) Quantitative Data Analysis: Basic descriptive statistics (e.g., mean scores,
achievement rates, score distributions) were performed for questions related to systems
thinking in the final assessment. This served as supplementary evidence for evaluating
the development in the students’ systems thinking competencies.

3. Results

3.1. Multidimensional Demonstration of Students’ Systems Analysis Capabilities

Detailed evaluation and analysis of 24 system analysis briefs (scoring criteria in
Supplementary Materials) revealed effectiveness of the module in cultivating students’
systems thinking capabilities. All 24 groups successfully identified five or more key
influencing factors, with 18 groups (75%) identifying more than eight factors. Each group
covered both natural and human-induced factors and accurately described direct causal
or correlational relationships between them. Notably, four groups (16.7%) demonstrated
non-linear systemic thinking, successfully identifying chains involving indirect impacts
and simple feedback loops(Figure 3).

For example, one group depicted the following dynamic chain in their presentation:
Regional economic growth results in port expansion and increases international shipping
route density. This leads to persistent increases in underwater noise pollution in nearshore
waters, while land reclamation projects cause permanent loss and fragmentation of
intertidal habitats. These processes double the survival pressure on the dolphin
population, reducing reproductive success rates and shrinking core habitat ranges. The
processes further disrupt the dolphins’ sonar system, reduce hunting efficiency, and force
contraction of core habitats, which lowers reproductive success, shortens the average
lifespan, and leads to declining population trends. The decline in this keystone species
may simplify the food web structure in the bay ecosystem and thus impair ecosystem
stability and services (such as resource maintenance for the fisheries sector and water
purification). Ultimately, this could undermine the long-term economic development and
ecological security of coastal communities (Supplementary S3). This analysis
demonstrates the students’ profound insights into the complex feedback loops between
socioeconomic systems and natural ecosystems.

Case assessment data provided supplementary support: The two questions related
to systems thinking within the case analysis had a total weight of 15 points. The average
score among all 94 students was 10.8 points (72% score rate), with a remarkable 85% of
students exceeding the passing threshold (9 points). This indicates that through this

https://doi.org/10.3390/su18041812



Sustainability 2026, 18, 1812

9 of 20

Grade Distribution Profile (%)

25

20

15

10

module, most students established a foundational cognitive framework and the capability
to analyze environmental issues using a systems perspective.

SSC AR DAI ECCS

B Exemplary M Proficient Developing Emerging

Figure 3. Assessment Dimensions of Student System Analysis Briefs. The chart visualizes the four
key evaluation metrics: Systemic Structural Complexity (SSC), Argumentative Rigor (AR), Depth of
Al Integration (DAI), and Expressive Communication and Creative Synthesis (ECCS).

3.2. Differentiated Depth and Patterns in Al Application as a Cognitive Tool

The generative Al tools utilized by the student groups varied based on accessibility
and personal preference within the campus network environment. The most frequently
used platforms included Doubao (by ByteDance), DeepSeek (by High-Flyer), and Tencent
Yuanbao. These platforms are domestic Large Language Models (LLMs) optimized for
Chinese natural language processing, offering capabilities comparable to mainstream
international models in terms of information synthesis and code generation within the
context of this study [55]. Students’ Al applications exhibited clear differentiation,
reflecting disparities in their Al literacy(Figure 4):

Level 1 (Problem familiarization and scope definition (Information Retrieval and
Synthesis), nine groups, 37.5%): Level 1 teams primarily relied on Al for rapid information
gathering and text consolidation. Al-generated content was incorporated into briefings
after minimal editing and collation. Their reflection reports indicated superficial prompt
optimization (e.g., “Please be more detailed”) and a lack of proactive questioning or
verification regarding the authenticity, timeliness, and potential biases in Al outputs. One
student stated the following: “First, I thought Al answers were definitive. Later, I realized
that different Als can provide contradictory responses to the same question.”

Level 2 (Relationship modeling and evidence structuring (Data Interpretation and
Relationship Analysis), 11 groups, 45.8%): Level 2 teams demonstrated more proactive
and effective Al utilization. For example, a group selecting Project Track B uploaded a
table containing 5-year shipping density and water quality indicator data (e.g., nitrogen
and phosphorus levels) to the Al, prompting the following: “Analyze potential
relationships between these data points, recommend the most appropriate statistical
method to test these relationships, and generate a chart that clearly illustrates them.” The
Al not only identified potential positive or negative correlations but also recommended
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correlation analysis and generated code for plotting a scatter diagram. Building on this,
the team preliminary validated the output using Excel. Their reflection report detailed the
iterative process—such as adding time series analysis and controlling for other
variables—to gain deeper insights.

Level 3 (Scenario exploration and decision/communication synthesis (Scenario
Simulation and Creative Application), four groups, 16.7%): The most outstanding groups
demonstrated the ability to use Al as a true “thinking partner.” One group selecting
Project Track A employed a structured, progressive series of prompts that instructed the
Al to “assume the role of a marine ecologist and simulate, based on population ecology
and stress-response models, the population dynamics, age structure changes, and spatial
distribution patterns of the local Sousa chinensis population over the next 20 years under
two scenarios: dBusiness As Usual” and &trict Ecological Red Line Protection.” Generate a
narrative script highlighting critical tipping points and uncertainties.” Through multiple
rounds of dialog with the Al, they continuously refined the model’s assumptions,
ultimately producing a logically rigorous and creative video script. The team’s reflection
impressively noted the following: “Al is not a repository of answers, but a mirror. The
more precise your questions, the deeper the insights it reflects. We must use our
professional expertise to judge whether the scenarios it generates are plausible.”

Input: Simple Question Input: Structured Prompts
Example: What are the threats to the Chinese white dolphin? Example: Analyze the relationship between shipping
Information \1/ AIS data and water quality data, and recommend
Retrieval AL Output: Information Enumeration appropriate statistical visualizations.
il Example:1.Shipping: 2. Pollution; 3.Habitat Alteration Do DT LTy, R gD DTG
Synthesis Data Example: Recommend using scatter plots and
Student Behavior: Direct Adoption / Basic Refinement Interpretation correlation analysis.
and
Relationship
Level 1 Level 2 Mapping [E T ~ 225 Direct Adoption
. X Validation
(Information (Data Interpretation
Retrieval and and Relationship \ YES
Synthesis) Mapping)

Level 3 (Scenario
Simulation and
Creative
Application)

Student Behavior: Tool-Assisted Verification

Input: Multi-turn Dialogue and Complex Instructions
Example: Role-play as an ecologist to simulate the
population dynamics of the white dolphin under BAU
and 'strict conservation' scenarios over the next 20 years.

4

X 5 AI Output: Scenario Simulation and Narrative Script

Slmulatlgn Example: Under the BAU scenario. the population shows
and Creative an annual decline rate of approximately 3% over the first
Application five years..

\’

Student Behavior: Specialized Correction and Depth
of Integration
Example: Based on the Marine Mammal Science
literature, correct the reproductive rate parameters in the
AT model.

45.80%

Scenario

Figure 4. Distribution of Student Al Application Levels and Typical Behavioral Patterns. The lower-
left pie chart displays the depth distribution of Al usage among the 94 first-year students during the
project. The charts above and to the right illustrate cognitive behavioral differences across
application levels through typical workflows, progressing from passive information consumers
(Level 1) to active, critical human-machine collaborators (Level 3). AIS, Automatic Identification

System; BAU, business as usual.

3.3. Comprehensive Assessment of Learning Outcomes and Reflective Growth

Combining quantitative and qualitative data analysis, this teaching practice for first-
year students successfully built a bridge that connected Al technology with professional
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problem-solving. The final course evaluation revealed an average score of 85.3 among 94
students, with a 100% pass rate (=60 points) and an outstanding rate (=90 points) of 25.5%,
indicating that students generally mastered the competencies required.

More significantly, student reflection reports revealed growth at the metacognitive
level. The vast majority of students noted that the course made them realize for the first
time that “formulating a clear, specific, and meaningful question” far outweighs the
adoption of ready-made answers. They began actively evaluating the credibility of Al-
generated content, attempting cross-validation through consulting authoritative literature
and comparing outputs from different AI models. This budding awareness of critically
using Al embodies the core of “responsible Al literacy.” An environmental engineering
student wrote: “This project made me realize that my professional value lies not in
operating Al, but in knowing what specialized problems to assign to Al and how to judge
whether its proposed solutions are reliable.”

4. Discussion
4.1. Redefining Al's Role: Strategic Value as a Cognitive Partner Beyond an Efficiency Tool

Drawing on the theory of Distributed Cognition, we define the role of Al not as a
replacement but as a “Cognitive Partner”. In this partnership, the AI handles
computationally intensive tasks, such as broad pattern recognition or rapid generation of
multiple scenario variables [56,57], thereby offloading lower-level cognitive burdens. This
frees up the student’s cognitive resources to focus on higher-order tasks, such as defining
problem scope and ethical judgment [58,59]. This study powerfully demonstrates that the
prompt

7 ou

effectiveness of Al as a “cognitive partner” is highly dependent on students
design capabilities” and “critical evaluation skills”.

The success of Level 3 groups illustrates that when students guide Al iterative
outputs through “question chains” and leverage subject knowledge to refine Al
limitations, human-machine collaboration achieves a synergistic effect. Conversely, the
struggles of Level 1 groups reveal that without these competencies, Al can become a mere
“information delivery tool” that potentially misleads students through “outdated data”
or “logical flaws” [60,61]. This underscores that Al education must transcend mere “tool
operation training” and prioritize core competencies such as “prompt engineering” and
“Al output evaluation” [62]. Generative Al excels in “unstructured information

o

integration,” “preliminary relationship mapping,” and “multi-scenario simulation.” This
provides new students with “cognitive scaffolding” [63-65]. It frees students’ limited
cognitive resources from tedious information filtering and basic integration. This allows
them to invest more in challenging intellectual activities such as understanding system
structures, reasoning about causal mechanisms, and creatively devising solutions.
Repositioning Al in education from an efficiency-enhancing “auxiliary tool” to a
“cognitive partner” that stimulates deep thinking fosters a “human-machine
collaboration” problem-solving model [66]. Such a model can overcome the bottlenecks
posed by the weak foundational knowledge and limited cognitive resources of first-year
students [67].

Moreover, the observed divergence in students’ Al application skills during
instruction reveals the critical urgency to cultivate critical thinking when introducing Al
early in professional education. Instructional design must not stop at teaching students
how to “use” Al It must incorporate embedded, mandatory reflection components [68,69]
that guide students to persistently ask the following questions: “Where does this
information/conclusion come from? What might the Al have missed? Are there biases or
errors? How can I verify this?” This habit of critical engagement is key to resisting
information illusions, cultivating rigorous scientific thinking, and forming the foundation
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of “responsible Al literacy” [70,71]. Future curricula have to systematically integrate
digital ethics and information verification.

4.2. Implications for International Engineering Education: A Transferable Interdisciplinary
Curriculum Template

The “Al-Environmental Systems Analysis” module designed and validated in this
study offers a highly transferable and adaptable curriculum template for the reformation
of global engineering education. The module achieves this through its clear conceptual
foundation (systems thinking), cutting-edge tools (generative Al), and real-world anchors
(SDG-related issues). It successfully demonstrates how learning emerging technologies
can undergo a “chemical reaction”-like deep integration with core professional
competencies (such as systems analysis and complex problem-solving), rather than being
simple “physical superposition” [72]. This model offers universal insights for global
engineering education, which manifest in the following two aspects:

(1) Reshaping the “Technology-Professional” Integration Model in First-year Student
Education

Traditional engineering education often separates technical tool learning (e.g., Al,
statistical software) from professional problem-solving; students first learn tool operation
in foundational courses before applying these tools in advanced specialized courses [73].
Our current study demonstrates that integrating Al tools with complex professional
challenges (e.g., species conservation, ecological restoration) in first-year student courses
simultaneously enhances “technical learning” and “professional cognition” [74]. This
integrated approach disrupts the traditional “theory-first, practice-later” path, aligning
with the international engineering education trend of “early practice, early integration”
[75]. For instance, multiple universities in the United Kingdom launched pilot “Al +
Engineering” courses for first-year engineering students in the 2024-2025 academic year.
These courses aim to engage students in solving real-world engineering problems using
generative Al tools from their initial enrollment. This fosters simultaneous development
of technical proficiency and professional understanding through project-based learning
[76].

(2) Defining the Core Position of “Responsible Al Literacy” in Engineering Education

Our current study confirms that “Responsible Al Literacy,” which encompasses
critical evaluation of Al outputs, ethical Al reasoning, and human-machine collaborative
decision-making, is not an abstract concept but a concrete competency that can be
progressively cultivated through “real-world problem-solving.” This finding provides a
clear direction for developing Al literacy in international engineering education: Al
literacy must be elevated from “technical elective content” to “core professional
competency” and embedded into all practical interdisciplinary projects [77]. For instance,
the Accreditation Board for Engineering and Technology has incorporated the responsible
use of Al and Al ethics into its accreditation standards, offering a reference framework to
help universities systematically cultivate students’ AI literacy (including critical
evaluation, ethical reflection, and human-machine collaborative decision-making) via
their curricula [78]. The practical experiences from this study (such as Al reflection reports
and Al limitation analysis tasks) can provide actionable references for universities
implementing these standards worldwide.

4.3. Challenges and Optimization Pathways

Despite the positive outcomes of this teaching module, its implementation revealed
several challenges, primarily stemming from the limited knowledge base of first-year
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students, insufficient experience with Al tools, and the complexity of interdisciplinary
collaboration.

First, the students” weak foundational knowledge limited the depth of their systems
analysis. Most students remained at the surface level when identifying environmental
factors, struggling to uncover complex feedback mechanisms or non-linear dynamics.
Hmelo-Silver et al. noted that novices often overlook indirect effects and delayed feedback
in systems modeling [79], which is consistent with the fact that most student teams in the
current study failed to recognize intricate feedback loops. Furthermore, some students
demonstrated poor understanding of fundamental ecological concepts (e.g., “trophic
cascades,” “habitat connectivity”), leading to biases in causal reasoning when using Al
Yoon et al. emphasized that systems thinking requires a solid foundation in subject
knowledge; otherwise, students tend to get stuck in “superficial connections” without
mechanism-based explanations [80].

Second, the use of Al tools involves the risks of “technological dependency” and
“critical thinking deficits.” Some students excessively rely on Al-generated content,
lacking the initiative to verify information, and even equate Al outputs with authoritative
conclusions. Rafiq et al. found that students who have not received specialized training in
critical Al usage are prone to “automatic trust,” overlooking potential Al hallucinations
or biases [81]. Furthermore, variations in prompt design capabilities significantly impact
Al-assisted learning outcomes. Level 1 groups predominantly employed generic prompts,
failing to stimulate the deep reasoning capabilities of Al. Kasneci et al. [61] and Boussioux
et al. [82] emphasized that prompt quality is the critical variable determining whether
generative Al can function as a “cognitive partner” in education.

Third, assessing group collaboration and individual contributions poses significant
challenges. Within interdisciplinary mixed-group settings, some students exhibit low
engagement due to disciplinary differences, and Al tool usage further blurs individual
contribution boundaries. The fair evaluation of the individual cognitive input in
technology-enhanced collaborative learning remains a methodological challenge [83].

Because this is a single-site, short-cycle (4-week) first-iteration DBR study without a
non-Al comparison group, our evidence supports design feasibility and credible learning
artifacts under authentic constraints. It does not support strong causal claims about Al
effects or population-level generalization; these will be addressed through matched-
cohort comparisons and multi-cohort replications in future iterations.

Future teaching iterations should thus prioritize the following points(Figure 5). First,
more structured analytical scaffolding should be provided by developing a “system
analysis template library” containing typical environmental system cases (e.g., watershed
pollution, species conservation), a glossary of key concepts, and an index of authoritative
data sources. Lin et al. [84] and Nugroho et al. [85] demonstrated that structured
scaffolding effectively supports novices in decomposing complex problems and
conducting system modeling. Second, formative assessment, such as introducing
individual prompt logs as evaluation criteria [86], should be enhanced. This requires
students to document the intent behind each Al interaction, the prompt iteration process,
and reflections on the outputs. Ng et al. [37] identified “prompt design” and “critical
evaluation of outputs” as core dimensions of Al literacy, in which logging methods can
tangibly reflect student growth in these areas. Third, the formation of interdisciplinary
teaching teams comprising computer science instructors and subject-specific course
teachers should be promoted [19] to ensure that students receive concurrent support in
both technological application and professional knowledge.
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Figure 5. Iterative Optimization Pathway for Design-Based Research (DBR) Teaching. This figure
illustrates the iterative optimization pathway developed for the “Al-Environmental Systems
Analysis” module based on challenges identified post-implementation. This closed-loop system
embodies the core of the DBR paradigm, aiming to drive the spiral-shaped advancement and
refinement of teaching models through continuous “design-implementation-evaluation—

improvement” cycles.

5. Conclusions

Faced with global sustainability challenges and the technological wave of generative
Al higher education urgently needs to explore new Al-enabled interdisciplinary teaching
models. This study actively tackles this gap by designing and implementing an
interdisciplinary ~“Al-Environmental Systems Analysis” module for first-year
environmental and ecological engineering students. Based on the real-world “Sousa
chinensis Habitat Conservation” case, the module strategically positions generative Al as
a “cognitive partner” that supports students’ systems analysis skills. It successfully
guided 94 first-year students (24 teams) through an intense 4-week course.

Our results demonstrate that this new teaching approach successfully helped
students in meeting core course objectives. (1) In cultivating systems thinking, the module
effectively guided students to construct preliminary frameworks for analyzing complex
environmental issues. All 24 teams (100%) successfully identified five or more natural and
human-induced key factors influencing dolphin habitats, with 18 teams (75%) identifying
over eight factors. Some groups (29.2%) were able to identify indirect impacts and
feedback loops. End-of-term assessment data further corroborated the success of the
module, with an average score of 72% (10.8/15) on systemic thinking questions. Eighty-
five percent of students exceeded the passing threshold, which indicates the development
of systemic analytical thinking. (2) Regarding Al literacy development, student
applications exhibited significant differentiation across levels, forming a complete
competency spectrum. Specifically, 9 groups (37.5%) operated at Level 1 (information
retrieval and aggregation), 11 groups (45.8%) reached Level 2 (data interpretation and
relationship mapping), while 4 groups (16.7%) demonstrated advanced Level 3
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capabilities (scenario simulation and creative application). The course’s final overall
assessment scores (average 85.3, with 25.5% of students achieving excellence and 100%
passing) confirmed the students’ overall strong mastery. More importantly, through
mandatory process reflection, students demonstrated clear metacognitive growth in
prompt engineering design, critical evaluation of Al outputs, and human-machine
collaborative decision-making. This signifies the effective cultivation of “responsible Al
literacy,” centered on critical use and ethical responsibility.

This study demonstrates that integrating Al into foundational professional education
for first-year students not only enhances technical tool application skills (modern tool
application) but also amplifies cognitive abilities for tackling complex problems through
human-machine collaboration (systems thinking). This study provides a concrete,
transferable template for designing and implementing such courses. We will further focus
on optimizing structured analytical scaffolding to reduce the cognitive load for first-year
students; introducing process-based assessment tools such as prompt logs to precisely
measure individual growth; and strengthening collaborative guidance mechanisms
within interdisciplinary teaching teams. Ultimately, we will extend this model to broader
sustainability topics such as urban water resource management and carbon neutrality
pathway simulation. We aim to continuously empower future engineers with the critical
ability to harness human-machine intelligence in addressing the complexities of Earth
systems.

As this paper reports the first DBR implementation cycle without a non-Al control
group, the findings should be interpreted as evidence of design feasibility and learning-
product quality under authentic classroom conditions rather than as causal estimates of
Al effects. Future research will focus on two key areas: (1) Quasi-experimental
comparisons: when parallel sections are available, we will compare an Al-supported
section with a non-Al section using the same case, rubric, and assessment items, with
propensity/matching controls for baseline differences. (2) Longitudinal tracking: we will
follow the cohort into Years 2-3 and re-administer systems-thinking transfer tasks to
evaluate retention and cross-course transfer.

Supplementary Materials: The following supporting information can be downloaded at
https://www.mdpi.com/article/10.3390/su18041812/s1.
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