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WIP: Scaffolding Graduate Simulation Education Through Structured LLM 
Integration and Metacognition: A Preliminary Investigation 

ABSTRACT: 
Graduate education in Modeling and Simulation (M&S) faces the challenge of integrating 
Generative AI (GenAI) to preserve learning objectives while supporting skill development. 
However, systematic frameworks for pedagogical integration remain underdeveloped. This 
work-in-progress reports on structured LLM scaffolding in a graduate M&S course using 
instructor-designed prompts and assignment-embedded constraints. We implemented a within-
subjects design where 15 graduate students in an M&S program completed two simulation 
modeling tasks: (i) one with unrestricted AI use and (ii) one with four structured scaffolding 
prompts guiding paradigm selection, scoping, validation, and critique. Data included pre- and 
post-surveys measuring confidence and understanding, correctness of paradigm selection, 
comparative preferences, qualitative reflections, and AI interaction transcripts. Findings reveal a 
paradoxical scaffolding effect where students reported higher confidence in work quality with 
scaffolding (+0.47 on a 10-point scale), but lower confidence in understanding their modeling 
decisions (-0.40) and a reduced sense that AI helped them learn (-0.20). Different students failed 
under different conditions with no overlap: three corrected errors with scaffolding, while three 
made new errors only under scaffolding. Transcript analysis identified four metacognitive 
patterns: (i) resistance to needed scaffolding despite correction; (ii) disruption of expert 
strategies, leading to new errors; (iii) false confidence in incorrect scaffolded answers; and (iv) 
accurate self-assessment of scaffolding benefits and risks. Results suggest that effective AI 
integration requires explicit teaching of metacognitive awareness, monitoring, regulation, and 
evaluation, alongside AI literacy skills. Faculty should use adaptive scaffolding that is responsive 
to demonstrated competence, with explicit metacognitive instruction on recognizing knowledge 
gaps and critically evaluating AI output. 

INTRODUCTION 
The rapid adoption of Generative AI (GenAI) tools across higher education has fundamentally 
altered the landscape of learning [1]. Large Language Models (LLMs), a type of GenAI, have 
become increasingly popular among both teachers and students across educational contexts [2]. 
However, this widespread adoption presents faculty with a critical challenge: how to ensure that 
students learn core concepts and skills rather than copying LLM outputs without understanding 
them. Traditional binary approaches, either banning the use of AI entirely or allowing free use, 
miss the pedagogical opportunity to strategically integrate GenAI tools in ways that enhance 
rather than hinder learning. What is needed are frameworks for faculty to help students 
responsibly adopt AI use while maintaining academic rigor and integrity [3], [4], [5], [6]. 

Prior research on AI scaffolding in education has examined contexts such as writing assistance, 
programming support, and mathematics tutoring, where tasks often involve well-defined 
procedures and clear evaluation criteria. In contrast, Modeling and Simulation (M&S) education 
provides a particularly valuable context for investigating AI scaffolding effects because it 
requires integrating domain knowledge with methodological and analytical skills and expertise 
across diverse application areas (e.g., K12, healthcare, military, transportation), where students 
make justified conceptual decisions rather than follow prescribed algorithms. Within M&S, 
simulation modeling demands these conceptual decision-making skills throughout the modeling 
process. Fundamental conceptual skills include selecting an appropriate modeling paradigm, 



which determines how system behavior is represented and simulated. The three primary 
paradigms are Agent-Based Modeling (ABM), where autonomous entities interact according to 
individual rules; Discrete-Event Simulation (DES), where systems evolve through sequences of 
discrete events; and System Dynamics (SD), where systems are represented by stocks, flows, and 
feedback loops. Complex problems may require hybrid approaches that combine multiple 
paradigms. Beyond paradigm selection, students must identify system parameters, define 
assumptions, and establish validation metrics and performance KPIs. These decisions involve 
recognizing problem characteristics, evaluating modeling trade-offs, and justifying modeling 
choices, making it both amenable to LLM support and vulnerable to AI over-reliance [3], [7], [8]. 
Here, students may accept AI-generated recommendations without critical evaluation, leading to 
a surface-level understanding and reduced metacognitive engagement in their decision-making 
[1]. The critical question for faculty, then, becomes: how do we scaffold LLM use to preserve 
learning and support conceptual understanding and reasoning, while being cognizant that 
students typically lack the metacognitive skills to make such accurate or optimal decisions? 

This work-in-progress paper investigates structured LLM scaffolding through instructor-
designed prompts embedded in the course. We focus specifically on conceptual modeling tasks, 
specifically paradigm selection and model design, rather than coding. Using a within-subjects 
design, we compare student performance and metacognitive awareness when using unrestricted 
AI versus scaffolded AI with structured prompts. Our study addresses three research questions: 
RQ1: How does structured scaffolding impact the correctness of paradigm selection? RQ2: How 
does it impact students' perceived confidence in their work quality and understanding? RQ3: Do 
students accurately recognize when scaffolding helps versus deters their learning processes? 

LITERATURE REVIEW 
Students using AI tools for complex conceptual tasks without clear strategies often experience 
"prompt paralysis," uncertain how to engage productively with LLMs. Scaffolding, the provision 
of temporary support structures that fade as learner competence develops, addresses this 
challenge [10]. In the context of AI tool use, structured prompts guide systematic thinking by 
breaking problems into steps, prompting comparison of alternatives, and encouraging reasoning. 
Cognitive load theory provides a theoretical framework for understanding why such scaffolding 
works: by reducing extraneous cognitive load, instructional design frees working memory for 
schema development [9]. However, scaffolding is not always beneficial. The expertise reversal 
effect reveals that instructional support helpful to novices can impede experts by disrupting their 
advanced schemas [11]. Further, over-scaffolding may prevent students from developing 
independent strategic thinking and metacognitive skills that define expertise, suggesting that 
effective AI scaffolding must be adaptive rather than one-size-fits-all [12]. 

The effectiveness of scaffolding depends on metacognitive awareness, the ability to monitor and 
regulate one's own cognitive processes, which is central to self-regulated learning, where learners 
plan, monitor, and evaluate their strategies and outcomes [12]. Prior studies demonstrate that 
experts and novices differ not only in domain knowledge but also in metacognitive calibration, in 
which experts accurately judge when they need help or additional information, while novices 
often exhibit poor awareness of their knowledge gaps [13]. Research with intelligent tutoring 
systems demonstrates that scaffolding metacognitive processes significantly enhances learning 
outcomes [12], [14]. During LLM use, students face a novel metacognitive challenge: deciding 
when to accept versus critically evaluate AI output. Without accurate metacognitive awareness, 



students risk what has been termed "metacognitive laziness": overreliance on AI outputs without 
engaging the critical metacognitive skills and the cognitive effort necessary for learning [8]. 

Despite growing interest in AI-augmented learning, most research examines aggregate effects 
rather than individual differences, i.e., when does scaffolding help versus hurt, and for whom? 
Research has not examined whether students accurately recognize when they need structured 
guidance versus free exploration. From an M&S perspective, no prior work has investigated how 
LLM scaffolding impacts conceptual modeling skills, such as paradigm selection, which requires 
integrating problem understanding with methodological knowledge. This work-in-progress 
addresses these gaps by examining both learning outcomes (paradigm selection correctness) and 
metacognitive awareness (self-assessment accuracy, accurate selection of tool preferences, and 
recognition of being supported or constrained by scaffolding), providing preliminary evidence to 
inform faculty decisions about when and how to scaffold LLM use in graduate M&S education. 

METHODS 
Participants and Context 
This study was conducted in a graduate M&S course at University of Central Florida during Fall 
2025. Fifteen graduate students completed the study with no dropouts; most were experienced 
(67% completed 4+ M&S courses) and frequent AI users (60% used AI daily/weekly).  

Study Design and Scenarios 
We employed a within-subjects design in which all participants completed two conceptual 
modeling tasks under different conditions. Scenario A (vaccine distribution) allowed unrestricted 
AI use, while Scenario B (wildfire evacuation) provided four instructor-designed scaffolding 
prompts that systematically guided paradigm selection, model scoping, parameter identification, 
and validation planning. Both scenarios were designed to favor hybrid approaches combining 
ABM and DES. Specifically, agents represent heterogeneous entities with individual decision-
making behaviors, while DES captures time-dependent event processes. Each scenario had an 
approximate expected task completion time of 20 minutes. 

Data Collection and Analysis 
We collected data from multiple sources at different time points. Before the scenarios, students 
completed pre-surveys assessing their AI experience and baseline confidence. For each scenario, 
students submitted their conceptual model designs and AI chat transcripts, then completed post-
scenario self-assessments rating their confidence in work quality, understanding of the system, 
understanding of modeling decisions, and the extent AI helped them learn (all on 1-10 scales). 
After completing both scenarios, students provided comparative preferences between the two 
approaches and qualitative reflections on their experiences. Paradigm selections were expert-
coded as correct (hybrid approach matching problem characteristics), partially correct (single 
paradigm with acknowledged limitations), or incorrect (paradigm misaligned with problem 
requirements). We analyzed self-assessment metrics descriptively and conducted detailed 
transcript analysis for students who made errors in either condition. 

RESULTS 
RQ1: Impact of Scaffolding on Paradigm Selection Correctness 
We first examined whether scaffolding improved students' ability to select appropriate modeling 
paradigms. Expert review showed that 12 of 15 students selected correct paradigms in both 



conditions, with non-overlapping errors: 3 students (20%) who selected incorrect paradigms 
under unrestricted AI corrected their choices with scaffolding, while 3 different students (20%) 
who correctly identified paradigms under unrestricted AI made errors with scaffolding. None 
made errors in both conditions, indicating that scaffolding does not uniformly improve or impair 
performance. Instead, it appears to enhance accuracy for some while constraining others. 

RQ2: Impact on Perceived Confidence and Understanding 
We next analyzed how scaffolding affected students' self-assessed confidence in their work 
quality and understanding of their modeling decisions. Analysis of post-scenario surveys 
revealed a paradoxical pattern where students reported higher confidence in work quality under 
scaffolding, yet lower confidence in their understanding and a sense that AI helped them learn 
(Table 1). Specifically, scaffolded prompts improved confidence in model quality by 0.47 points, 
suggesting students perceived scaffolded outputs as more robust. However, understanding of 
modeling decisions decreased by 0.40 points, and perception that "AI helped me learn concepts" 
decreased by 0.20 points. This inverse relationship between improved artifact confidence and 
lower learning confidence suggests that scaffolding may create a false sense of accomplishment, 
leading students to trust their outputs more but feel less ownership of the reasoning behind them. 

Table 1: Self-Assessment by scenario. 

Metric Scenario A 
(Unrestricted AI) 

Scenario B 
(Scaffolded AI) 

Difference 
(B - A) 

Confidence in the quality of the model 6.93 7.40 +0.47 
Understanding of the system 6.87 6.80 -0.07 
Understanding of modeling decisions 7.60 7.20 -0.40 
AI helped me learn/understand concepts 6.87 6.67 -0.20 

RQ3: Metacognitive Awareness of Scaffolding Effects 
Finally, we examined whether students correctly recognized when scaffolding supported or 
constrained their learning. When asked about preferences for AI scaffolding, 53% of students 
wanted a "50/50 mix depending on topic complexity," with no students wanting scaffolding 
always or never. This suggests students recognize that scaffolding utility varies by context, even 
if they cannot predict when they need it. Detailed transcript analysis of the six students who 
made errors revealed four distinct metacognitive patterns, demonstrating systematic failures in 
students' recognition of when they needed scaffolding versus when it constrained them. 

Pattern 1: The Blind Spot (n=2). Students who made errors under unrestricted AI were corrected 
by scaffolding, yet rejected its value. They were committed to paradigms before systematic 
analysis and never questioned whether single approaches were sufficient. Despite scaffolding 
correcting their errors, they rated unrestricted AI use as more helpful for their understanding, and 
scaffolding was "never" valuable, indicating blind spots in metacognitive awareness. 

Pattern 2: The Constrained Expert (n=1). One student demonstrated sophisticated research-first 
strategies in unrestricted conditions, gathering empirical case studies before making paradigm 
decisions, and correctly selected a hybrid approach. Under scaffolding, this student accepted a 
pure ABM recommendation, with understanding ratings dropping from 7/10 to 1/10. Qualitative 
feedback indicated scaffolding felt like "following commands blindly," demonstrating that 
structure can disrupt effective expert workflows. 



Pattern 3: Rare Insight (n=1). One student demonstrated metacognitive awareness, recognizing 
the benefits and risks of scaffolding. This student acknowledged that structured prompts ensured 
coverage but also created temptation to "transpose answers over from AI output" rather than 
engage deeply. They recommended adaptive scaffolding for "specific components" rather than 
"entire systems," demonstrating awareness of when structure helps versus overwhelms. 

Pattern 4: False Confidence (n=2). Students who answered correctly under unrestricted 
conditions but incorrectly under scaffolding rated their wrong scaffolded work higher than their 
correct unrestricted answers. One student rated correct work 6/10 but incorrect scaffolded work 
8/10, stating a preference for "always" using structured prompts. This reveals how detailed, well-
organized AI responses can create a false understanding even when conclusions are incorrect. 

These patterns demonstrate that metacognitive miscalibration occurs in both directions, where 
students who need scaffolding resist it, students who do not need it embrace it, and effective 
strategies get disrupted by structure [15], [16]. Only one student demonstrated accurate 
awareness, suggesting that metacognitive calibration must be explicitly taught [17], [18]. 

DISCUSSION, LIMITATIONS AND CONCLUSIONS 
Our findings reveal a scaffolding paradox: structured prompts increase confidence in work 
quality while decreasing students' sense of learning and understanding. This suggests "confident 
outsourcing," where detailed AI responses signal quality while reducing ownership of the 
reasoning. However, this aggregate pattern masks critical individual variation in how scaffolding 
affects different students. More critically, the complete lack of overlap between students who 
failed under unrestricted versus scaffolded conditions demonstrates that one-size-fits-all 
approaches fundamentally misunderstand how students engage with AI tools. Some students 
need structure to overcome pre-commitment biases (Blind Spot), while others have effective 
strategies that scaffolding disrupts (Constrained Expert). The prevalence of calibration 
challenges the assumption that metacognitive awareness develops naturally from AI experience. 
These findings suggest that faculty must teach metacognitive knowledge and skills, particularly 
metacognitive calibration, explicitly alongside AI tool use. Students need frameworks for 
recognizing when they need structure versus when it constrains them, such as metacognitive 
decisions in which students predict their confidence before and after AI interaction, compare 
predictions to performance, and reflect on calibration accuracy. Scaffolding should be adaptive 
and targeted for foundational decisions that structure future work, rather than comprehensive. 

This paper has several limitations that we are addressing in our continued investigation. The 
small sample size (n=15) and non-counterbalanced design limit generalizability, though the 
within-subjects approach and qualitative data provide meaningful preliminary insights into 
individual differences. Our next phase will expand the sample to test findings across multiple 
course sections and implement counterbalancing to control scenario effects. We are currently 
designing adaptive scaffolding mechanisms that respond to demonstrated competence rather than 
applying a uniform structure, informed by the distinct patterns identified here. Additionally, we 
plan to develop and test explicit metacognitive training interventions that teach students to 
recognize when they need structure versus when it constrains them, with longitudinal assessment 
of whether calibration accuracy improves over a semester. Finally, we are exploring real-time 
feedback mechanisms that could help students monitor their AI engagement during tasks rather 
than only in retrospective reflection. 
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