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Abstract 

Artificial intelligence (AI) is increasingly used in STEM education; however, limited evidence 

explains how it functions as cognitive scaffolding within the engineering design process. This 

study examined the effects of AI-supported scaffolding on students’ problem-solving 

competence, engineering design performance, and redesign competencies. A quasi-experimental 

pre-/post-test control group design was used, involving 124 lower-secondary students 

completing a six-week hydraulic robotic arm project. The experimental group received AI support 

during solution selection and prototype improvement, whereas the control group received 

conventional instructional resources. Data were collected using an eight-dimensional engineering 

design rubric and analyzed using t-tests, analysis of covariance, and effect size statistics. After 

controlling for baseline differences, the experimental group significantly outperformed the control 

group in problem-solving competence, F(1, 121) = 30.35, p < .001, partial η² = .348; engineering 

design performance, F(1, 121) = 42.43, p < .001, partial η² = .420; and redesign competence, F(1, 

121) = 16.94, p < .001, partial η² = .118. The strongest improvements were observed in solution 

selection, problem understanding, scientific reasoning, and reflective reasoning. These outcome-

level findings are consistent with the proposed role of conversational AI as adaptive cognitive 

scaffolding in STEM education. However, because the student-AI interaction processes were not 

directly measured, the results should not be interpreted as an empirical verification of the 

scaffolding mechanism. 

Keywords: artificial intelligence, cognitive scaffolding, engineering design process, problem-

solving competence, STEM education 

 

INTRODUCTION 

Science, technology, engineering, and mathematics 
(STEM) education has increasingly emphasized the 
development of students’ problem-solving competence, 
engineering reasoning, creativity, and higher-order 
thinking skills required in the 21st century (Bybee, 2010; 
Honey et al., 2014). Contemporary STEM instruction no 
longer focuses solely on disciplinary knowledge 
acquisition but increasingly prioritizes authentic 
problem-solving and engineering design experiences 

that require students to investigate problems, generate 
solutions, construct prototypes, test designs, and 
improve products through reasoning (Kelley & 
Knowles, 2016; National Research Council, 2012). From 
this perspective, the engineering design process (EDP) 
has become one of the most widely adopted pedagogical 
frameworks for organizing STEM learning activities 
because it engages students in recursive cycles of 
designing, testing, evaluating, and redesigning 
engineering solutions (Dym et al., 2005). 
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Despite the growing popularity of EDP-oriented 
STEM instruction, many students experience substantial 
difficulties during engineering design activities, 
particularly in the prototype evaluation and iterative 
redesign stages (Crismond & Adams, 2012; Kolodner et 
al., 2003). In many classroom contexts, students can 
construct initial prototypes but struggle to identify 
technical weaknesses, compare alternative solutions, 
justify engineering decisions and refine designs based on 
testing evidence. Consequently, STEM activities often 
become product-oriented rather than reasoning-
oriented, with limited reflective analysis and insufficient 
improvement. These challenges are especially evident 
among secondary school students with limited prior 
engineering experience and underdeveloped 
metacognitive regulation skills (English & King, 2015). 
Without adequate cognitive support, learners may 
experience cognitive overload when simultaneously 
coordinating scientific reasoning, technical decision-
making, and prototype refinement (Sweller, 1988). 

To address these challenges, researchers have 
increasingly emphasized the importance of cognitive 
scaffolding in STEM learning. Cognitive scaffolding 
refers to the temporary support that enables learners to 
perform cognitively demanding tasks beyond their 
independent capabilities (Wood et al., 1976). Grounded 
in socio-constructivist theory, scaffolding supports 
learners’ reflective thinking, inquiry regulation, and 
problem-solving processes through guided interactions 
(Vygotsky, 1978). In engineering education, scaffolding 
is particularly important because engineering design 
involves continuous cycles of evaluation, justification, 
testing, and redesigning (Hmelo-Silver et al., 2007). 
Previous studies have shown that effective scaffolding 
can significantly improve students’ reasoning quality, 
inquiry engagement, and problem-solving performance 
in STEM learning contexts (e.g., Belland et al., 2013). 

Recent advances in artificial intelligence (AI), 
particularly in conversational AI systems such as 
ChatGPT, have created new opportunities for adaptive 
cognitive scaffolding in STEM education (Kasneci et al., 
2023). Conversational AI systems can provide real-time 
feedback, explanatory prompts, reflective questioning, 
and adaptive support during complex learning activities 
(Dwivedi et al., 2023; Tlili et al., 2023). Through natural 
language interaction, AI may help students compare 
design alternatives, analyze prototype weaknesses, 

explain engineering principles, and support reflective 
redesign processes. From the perspective of distributed 
cognition theory, cognitive processes are distributed 
across individuals, technological tools, and learning 
environments, rather than residing solely within the 
learner (Hutchins, 1995; Salomon, 1993). Consequently, 
conversational AI systems may function as external 
cognitive resources that extend students’ reflective 
engineering reasoning during STEM problem-solving. 

However, despite the increasing interest in AI-
supported education, existing applications of AI in 
STEM learning remain largely dominated by 
information retrieval, automated tutoring, and answer-
generation functions (Holmes et al., 2019; Zawacki-
Richter et al., 2019). In many educational contexts, 
students use AI primarily to obtain direct answers or 
ready-made solutions rather than engaging in reflective 
reasoning and iterative engineering thinking. Such use 
may unintentionally reduce opportunities for 
independent analysis, design justification, and 
metacognitive regulation during engineering problem-
solving activities. Comparatively limited research has 
investigated how conversational AI can support iterative 
engineering reasoning processes, particularly during 
cognitively demanding stages, such as solution 
comparison, prototype evaluation, and redesign. 
Moreover, insufficient empirical attention has been 
devoted to examining AI as reflective cognitive 
scaffolding embedded in authentic engineering design 
activities in secondary STEM education. 

This study addresses this research gap by 
conceptualizing AI not as an automated problem-
solving system but as adaptive cognitive scaffolding 
integrated into the EDP in STEM education. Unlike AI-
supported approaches that generate complete solutions 
or replace learners’ thinking processes, the present study 
positions AI as a reflective engineering support tool used 
only during two critical design stages:  

(1) comparing and selecting design alternatives and  

(2) improving existing prototypes after testing.  

In this framework, AI supports students in analyzing 
engineering problems, evaluating design feasibility, 
identifying technical weaknesses, and refining 
prototypes through reasoning, without generating 
entirely new engineering principles or replacing 
students’ decision-making processes. 

Contribution to the literature 

• This study conceptualizes conversational AI as targeted cognitive scaffolding within STEM-oriented 
engineering design. 

• It proposes a pedagogical approach for selectively integrating AI into the critical stages of the EDP in 
STEM education. 

• It provides empirical evidence of improved problem-solving, engineering design, and redesign 
competence among upper-secondary students. 
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The theoretical foundation of this study integrates 
socio-constructivist theory, scaffolding theory, 
distributed cognition theory, and engineering design 
perspectives. Socio-constructivist theory explains how 
guided interaction supports learners’ cognitive 
development within the zone of proximal development 
(ZPD) (Vygotsky, 1978). Scaffolding theory emphasizes 
the role of temporary support in enhancing learners’ 
reasoning during complex tasks (Wood et al., 1976). The 
distributed cognition theory conceptualizes 
technological tools as external cognitive resources that 
extend human thinking processes (Hutchins, 1995). 
Finally, engineering design perspectives emphasize 
reasoning, testing, evaluation, and redesign as core 
processes in STEM learning (Dym et al., 2005). 
Integrating these perspectives provides a theoretical 
basis for examining AI-supported engineering design as 
a scaffolded, reflective reasoning process. 

Therefore, this study investigates the role of AI as 
cognitive scaffolding in EDP-oriented STEM learning 
activities. Specifically, this study examined the effects of 
AI-supported scaffolding on students’  

(1) problem-solving competence,  

(2) engineering design performance, and  

(3) iterative redesign competence during STEM 
engineering design activities involving robotic 
arm prototype construction. 

The following research hypotheses are proposed: 

H1. Students participating in AI-supported 
engineering design activities demonstrated higher 
problem-solving competence than those receiving 
conventional STEM instruction. 

H2. Students receiving AI-supported guidance 
demonstrated higher engineering design performance 
during solution selection and prototype construction 
than those receiving conventional STEM instruction. 

H3. Students participating in AI-supported 
engineering design activities demonstrated higher levels 
of prototype evaluation and iterative redesign 
competence than those in conventional STEM learning 
environments. 

This study contributes to the emerging field of AI-
supported STEM education by proposing a theoretical 
and empirical framework for integrating conversational 
AI into engineering design learning as reflective 
cognitive scaffolding, rather than automated answer 
generation. The findings are expected to provide 
theoretical insights into AI-mediated engineering 
reasoning and practical implications for designing STEM 
learning environments that promote reflective problem-
solving, iterative redesign thinking, and higher-order 
engineering competence. 

LITERATURE REVIEW 

Engineering Design Process in STEM Education 

The EDP has become one of the most influential 
instructional frameworks in contemporary STEM 
education because it promotes authentic problem-
solving, engineering reasoning, and learning through 
design activities (Dym et al., 2005). Unlike traditional 
teacher-centered instruction, EDP-oriented STEM 
learning emphasizes recursive cycles of identifying 
problems, generating solutions, constructing prototypes, 
testing designs, evaluating evidence, and redesigning 
products based on constraints and performance 
outcomes (Crismond & Adams, 2012). From this 
perspective, engineering learning is not conceptualized 
as a linear process of obtaining correct answers but as a 
reasoning process that requires continuous reflection 
and refinement. 

Previous studies have consistently shown that EDP-
based STEM instruction can positively influence 
students’ problem-solving competence, scientific 
reasoning, creativity, and higher order thinking skills 
(Kelley & Knowles, 2016; Moore et al., 2014). 
Engineering design activities also create opportunities 
for students to integrate disciplinary knowledge through 
collaboration, reflective experimentation, and evidence-
based decision-making (English & King, 2015). 
Furthermore, engineering design has been recognized as 
a core scientific and engineering practice within K-12 
STEM education because it engages learners in authentic 
inquiry and problem-solving (National Research 
Council, 2012). 

However, despite broad agreement regarding the 
educational value of the EDP, existing research has 
identified persistent difficulties in effectively 
implementing engineering design in STEM classrooms. 
Engineering design tasks are frequently ill-structured, 
cognitively demanding, and characterized by multiple 
constraints and competing solutions (Jonassen, 2011). 
Consequently, students often experience difficulties in 
evaluating alternative solutions, interpreting testing 
evidence, and systematically revising prototypes during 
redesign processes (Kolodner et al., 2003). Crismond and 
Adams (2012) argued that novice learners frequently 
focus on constructing products rapidly rather than 
engaging in informed engineering reasoning and 
reflective redesign. 

Importantly, existing STEM studies reveal a 
contradiction between the theoretical emphasis on 
engineering reasoning and the actual implementation of 
engineering activities in the classroom. Although EDP 
frameworks conceptually prioritize redesign, reflective 
evaluation, and recursive improvement, many 
classroom STEM activities remain strongly product-
oriented and linear in practice. Students often construct 
initial prototypes but perform only limited redesigns 



Le et al. / Artificial intelligence as cognitive scaffolding in the engineering design process 

 

4 / 15 

and evidence-based refinements. Consequently, 
engineering reasoning, one of the most theoretically 
important dimensions of EDP, remains insufficiently 
developed in many STEM learning environments. This 
unresolved issue suggests the need for more effective 
cognitive support mechanisms that sustain reflective 
reasoning during the prototype evaluation and redesign 
stages. 

Cognitive Scaffolding and Reflective Engineering 
Reasoning 

Cognitive scaffolding refers to temporary support 
that enables learners to perform cognitively demanding 
tasks beyond their independent capabilities (Wood et al., 
1976). Grounded in Vygotsky’s (1978) socio-
constructivist theory, scaffolding supports learners’ 
cognitive development through guided interaction 
within the ZPD. In STEM learning environments, 
scaffolding is widely recognized as an important 
mechanism for supporting inquiry processes, problem-
solving, and metacognitive regulation (Hmelo-Silver et 
al., 2007). 

Within engineering design contexts, scaffolding is 
particularly important because engineering reasoning 
requires students to simultaneously coordinate scientific 
understanding, design evaluation, testing evidence, and 
iterative redesign. Students must continuously compare 
alternatives, identify technical weaknesses, justify 
engineering decisions, and refine prototypes based on 
the evidence and constraints (Crismond & Adams, 2012). 
Without sufficient support, learners may experience an 
excessive cognitive load during these recursive 
reasoning processes (Sweller, 1988). Consequently, 
scaffolding may help students sustain reflective 
engagement while managing the complexities of 
engineering problem-solving. 

Research on scaffolded STEM learning has generally 
demonstrated positive effects on inquiry competence, 
reasoning quality, conceptual understanding, and 
problem-solving performance (Belland et al., 2013). In 
particular, computer-based scaffolding has been shown 
to support learners during complex cognitive tasks by 
providing adaptive prompts, feedback, and guidance. 
Scaffolding is also associated with metacognitive 
regulation because it encourages learners to monitor, 
evaluate, and revise their cognitive strategies during 
problem-solving activities (Schraw & Dennison, 1994; 
Zimmerman, 2000). 

Nevertheless, existing scaffolding research has 
primarily focused on inquiry learning, conceptual 
understanding, and general problem-solving support 
rather than specifically on engineering reasoning. 
Comparatively limited attention has been devoted to 
understanding how scaffolding may support redesign 
cognition, prototype refinement, and reflective 
engineering evaluation during EDP activities in the 

literature. Moreover, many scaffolded STEM 
interventions emphasize procedural guidance rather 
than supporting reflective decision making and 
evidence-based redesign. This reveals another 
unresolved issue in STEM education research: Although 
redesign is theoretically central to engineering learning, 
relatively few studies have examined how adaptive 
cognitive scaffolding can sustain iterative engineering 
reasoning processes in authentic classroom settings. 

Theoretical perspectives on distributed cognition 
further extend this discussion by conceptualizing 
cognition as being distributed across individuals, 
technological tools, and learning environments, rather 
than residing solely within the learner (Hutchins, 1995; 
Salomon, 1993). From this perspective, technological 
systems may function as external cognitive resources 
that support reflective reasoning and decision making 
during engineering activities. This theoretical 
orientation provides an important foundation for 
examining the role of conversational AI systems as 
adaptive cognitive scaffolding in STEM learning. 

Artificial Intelligence as Cognitive Scaffolding in 
STEM Education 

Recent advances in AI, particularly conversational AI 
systems, have created new possibilities for adaptive 
learning support in STEM education (Kasneci et al., 
2023). Unlike traditional digital learning technologies, 
conversational AI systems can generate real-time 
responses, explanatory feedback, reflective prompts, 
and adaptive guidance through natural language 
interactions (Dwivedi et al., 2023). Consequently, AI 
systems have increasingly been conceptualized as 
cognitive partners capable of supporting inquiry 
learning, metacognitive regulation, and problem-solving 
(Holmes et al., 2019; Luckin, 2018). 

Existing research suggests that AI-supported 
learning environments may positively influence 
engagement, self-regulated learning, reasoning quality, 
and academic performance (Tlili et al., 2023; Zawacki-
Richter et al., 2019). Conversational AI systems may 
support learners by explaining concepts, interpreting 
information, providing immediate feedback, and 
guiding reflective thinking during cognitively 
demanding tasks. Within STEM education, AI may also 
help students compare engineering alternatives, analyze 
technical problems, interpret testing evidence, and 
iteratively improve prototypes. 

However, despite these potential benefits, important 
contradictions and concerns remain unresolved in the 
current AI-supported STEM research. Most existing 
applications of AI in education continue to emphasize 
automated tutoring, information retrieval, instructional 
efficiency, and answer generation rather than reflective 
engineering cognition. In many classroom contexts, AI is 
primarily used as a tool to obtain immediate answers or 
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generate solutions automatically. Such use may 
unintentionally reduce students’ independent 
reasoning, metacognitive engagement, and problem-
solving processes if they passively rely on AI-generated 
outputs (Kirschner et al., 2006; Rudolph et al., 2023). 

This contradiction is particularly significant in 
engineering design learning. Engineering reasoning 
fundamentally depends on reflective evaluation, 
redesign, and evidence-based decision-making, whereas 
many AI-supported educational applications prioritize 
efficiency and rapid solution generation. Consequently, 
there is limited understanding of how conversational AI 
can support iterative engineering reasoning without 
replacing students’ cognitive engagement. Existing 
research has devoted comparatively little attention to 
how AI may function as reflective cognitive scaffolding 
embedded within authentic EDP-oriented STEM 
activities, particularly during cognitively demanding 
stages, such as solution comparison, prototype testing, 
and redesign. 

The present study addresses this unresolved issue by 
conceptualizing conversational AI not as an automated 
problem-solving substitute, but as adaptive cognitive 
scaffolding integrated within EDP-oriented STEM 
learning. Specifically, AI is positioned as a reflective 
engineering support tool that assists students during 
two critical engineering stages:  

(1) comparing and selecting design alternatives and  

(2) improving existing prototypes after testing.  

Rather than generating entirely new engineering 
solutions, the AI-supported scaffolding in this study 
focused on supporting reflective reasoning, evidence-
based evaluation, and redesign processes during 
authentic STEM engineering activities. 

THEORETICAL FRAMEWORK 

This study proposes a theoretical framework in 
which AI functions as adaptive cognitive scaffolding 
embedded within the EDP to enhance students’ 
engineering reasoning and problem-solving competence 
in STEM education. The framework is grounded in the 
socio-constructivist, scaffolding, and distributed 
cognition theories, and engineering design perspectives. 
It conceptualizes AI not as a replacement for human 
thinking but as a cognitive partner that supports 
reflective reasoning during the critical stages of 
engineering design activities.  

The framework is primarily informed by Vygotsky’s 
(1978) socio-constructivist theory, which emphasizes 
that learners achieve higher cognitive performance 
through guided interaction within the ZPD. Extending 
this perspective, Wood et al. (1976) conceptualized 
scaffolding as a temporary support that enables learners 
to perform tasks beyond their independent cognitive 
capabilities. Scaffolding is particularly important in 

engineering design learning environments because 
students are required to coordinate scientific reasoning, 
design thinking, testing, and iterative redesign 
simultaneously (Crismond & Adams, 2012). Without 
sufficient cognitive support, learners may struggle to 
sustain reflective reasoning and effective decision-
making during complex design tasks. 

The framework is also supported by the distributed 
cognition theory (Hutchins, 1995), which conceptualizes 
cognition as distributed across individuals, tools, and 
learning environments rather than residing solely within 
the individual mind. From this perspective, AI systems 
function as external cognitive resources that extend 
learners’ reasoning, reflection, and decision-making 
processes. Therefore, conversational AI systems may 
support students in evaluating design alternatives, 
visualizing prototype structures, interpreting 
engineering principles, and improving solutions 
iteratively throughout the design process. 

Unlike generalized AI-supported instructional 
models, the present framework integrates AI selectively 
into two critical stages of the EDP:  

(1) solution selection and  

(2) prototype construction.  

This selective integration is theoretically important 
because these stages often impose the greatest cognitive 
demands on students during STEM problem-solving 
(Jonassen, 2011). During solution selection, students 
must compare multiple alternatives, evaluate their 
feasibility, analyze constraints, and justify design 
decisions. During prototype construction, students must 
translate conceptual ideas into physical or functional 
models while simultaneously evaluating the structure, 
stability, efficiency, and testing outcomes. These 
activities require substantial reflective reasoning and 
regulations. 

Accordingly, the proposed framework positions AI 
as adaptive cognitive scaffolding that supports learners 
during these cognitively demanding stages. During 
solution selection, AI-supported scaffolding may assist 
students in comparing engineering alternatives, 
evaluating trade-offs, clarifying design criteria, and 
selecting viable solutions. Through reflective prompting 
and explanatory guidance, AI systems may encourage 
students to justify their design decisions rather than 
simply accept the generated answers. During prototype 
construction, AI-supported scaffolding may support 
learners in visualizing structures, explaining design 
principles, identifying weaknesses in prototypes, and 
revising models based on the testing outcomes. 
Consequently, AI-supported scaffolding is expected to 
strengthen reflective engineering reasoning and iterative 
redesign. 

The framework also emphasizes that AI should 
support, rather than replace, learners’ cognitive 
activities. Consistent with recent educational 
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psychology perspectives (Luckin & Holmes, 2016), the 
proposed model conceptualizes AI as a cognitive partner 
that facilitates reflective thinking, metacognitive 
engagement, and engineering reasoning while 
maintaining students’ active participation in the 
problem-solving process. This perspective differs from 
automation-oriented approaches, in which AI primarily 
delivers information or generates direct solutions 
without promoting learner reflection. 

Within the EDP, iterative redesign is a particularly 
important component of problem-solving development. 
As illustrated in the framework, students engage in 
recursive cycles of testing, evaluating, modifying, and 
reconstructing prototypes until the design satisfies the 
intended requirements. AI-supported scaffolding is 
expected to facilitate this recursive process by helping 
learners analyze weaknesses in solutions, interpret 
testing results, and identify potential improvements for 
the redesign. Consequently, AI-supported EDP may 
strengthen both engineering reasoning and problem-
solving competencies.  

Based on these theoretical foundations, this study 
proposes that AI-supported cognitive scaffolding 
enhances STEM learning by facilitating reflective 
engineering reasoning during critical stages of the 
design process. Specifically, AI-supported scaffolding is 
expected to improve students’ problem-solving 
competence, engineering design performance, and 
iterative redesign ability through adaptive guidance 
during the solution selection and prototype 
construction. The theoretical framework of this study is 
illustrated in Figure 1. 

METHOD 

This study employed a quasi-experimental pre-
/post-test control group design to examine the effects of 
AI-supported cognitive scaffolding integrated into the 
EDP on students’ problem-solving competence, 
engineering design performance, and redesign 
competence. 

A total of 124 grade 8 students participated in the 
study, including 62 students in the experimental group 

and 62 in the control group. Intact classes were selected 
using convenience sampling under normal conditions. 
Both classes followed the same STEM curriculum, were 
taught by the same teacher, and completed a pre-test to 
establish baseline equivalence before the intervention. 

The six-week intervention centered on a STEM 
project in which students designed and constructed a 
hydraulic robotic arm (Appendix A). Both groups 
completed identical engineering design activities 
following the EDP. The experimental group received AI-
supported cognitive scaffolding only during solution 
selection and prototype improvement, which are the two 
stages requiring the greatest engineering reasoning. 
Students used ChatGPT to compare alternative designs, 
justify engineering decisions, analyze prototype 
weaknesses, and propose evidence-based 
improvements. Typical prompts included “Compare these 
two design alternatives and justify which better satisfies the 
engineering requirements” and “Identify weaknesses in our 
prototype and suggest improvements based on the testing 
results.” The AI system functioned as a reflective 
learning partner by providing questions, explanations, 

 
Figure 3. AI-supported EDP in STEM education (adapted from Dym et al., 2005; Kolodner, 2003; National Research 
Council, 2012) 
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and feedback, rather than complete engineering 
solutions. The control group completed the same 
activities using teacher guidance, textbooks, and peer 
discussions without AI support. 

Student performance was assessed using a 
performance-based rubric adapted from established 
STEM engineering design frameworks (Crismond & 
Adams, 2012; Kelley & Knowles, 2016; National 
Research Council, 2012). The rubric evaluates eight 
engineering design dimensions: problem 
understanding, scientific reasoning, solution selection, 
prototype construction, prototype testing, identification 
of design limitations, redesign quality, and reflective 
reasoning. Each dimension was scored on a four-level 
performance scale (Table 1). 

The eight dimensions were subsequently grouped 
into three outcome variables: problem-solving 
competence, engineering design performance, and 
redesign competence. Content validity was established 
through expert review (mean I-CVI = .917-1.000), 
internal consistency was acceptable (Cronbach’s α = .81-
.89), and inter-rater reliability indicated substantial 
agreement (Cohen’s κ = .719-.797). 

Data were analyzed using R. Descriptive statistics 
and independent-samples t-tests were used to examine 
participant characteristics and baseline equivalence. The 
three composite outcomes were designated as the 
primary outcomes and analyzed using analysis of 
covariance (ANCOVA) with their corresponding pretest 
scores as covariates; the same model was retained for all 
three outcomes to ensure analytical consistency. Paired-
samples t-tests were used to examine within-group 
improvement. The eight rubric dimensions were 
analyzed as secondary, exploratory posttest contrasts to 
describe the performance profile underlying the 

composite outcomes. Because eight comparisons were 
conducted, Holm-adjusted p-values were used to control 
the family wise error rate. These dimension-level 
contrasts were interpreted as descriptive follow-up 
evidence rather than as baseline-adjusted estimates of 
the intervention effect. Cohen’s (1988) d and partial η² 
were reported as effect sizes. Statistical significance was 
set at p < .05. The assumptions of normality, 
homogeneity of variance, homogeneity of regression 
slopes, and independence were satisfactory. 

RESULTS 

Participant Characteristics and Baseline Equivalence 

A total of 124 lower-secondary students participated 
in the study, with 62 students assigned to the control 
group and 62 students assigned to the experimental 
group. Sex distribution was generally comparable across 
the groups. The control group comprised 31 boys (50.0%) 
and 31 girls (50.0%), whereas the experimental group 
included 25 boys (40.3%) and 37 girls (59.7%) (Table 2). 

Baseline equivalence was examined using 
independent-samples t-tests prior to the intervention. As 
shown in Table 2, the two groups demonstrated similar 
levels of redesign competence in the pre-test, t(121.51) = 
0.13, p = .893, with a negligible effect size (d = 0.02), 
suggesting that students entered the study with nearly 
identical abilities in evaluating and improving 
engineering solutions.  

However, statistically significant baseline differences 
were observed for problem-solving competence, 
t(121.88) = -2.47, p = .015, d = 0.44, and engineering 
design performance, t(121.23) = -2.31, p = .023, d = 0.41. 
In both cases, the experimental group obtained slightly 
higher pre-test scores than the control group. 
Nevertheless, the corresponding effect sizes were small 
to moderate, indicating modest rather than substantial 
differences between the groups before the intervention.  

Because significant pre-intervention differences were 
identified for two of the three primary outcomes, 
subsequent analyses employed ANCOVA, with pre-test 
scores entered as covariates. This analytical approach 
adjusts posttest comparisons for initial group 
differences, thereby providing a more rigorous estimate 
of the intervention effect and reducing the potential 
influence of baseline variability on the interpretation of 
instructional outcomes. Consequently, all between-

Table 1. Performance assessment rubric for eight 
engineering design dimensions 

Dimension CA M I-CVI CK 

Problem understanding 0.84 1.000 0.719 
Scientific reasoning 0.82 0.917 0.794 
Solution selection 0.88 1.000 0.774 
Prototype construction 0.87 1.000 0.769 
Prototype testing 0.84 1.000 0.797 
Identification of design limitations 0.81 0.917 0.796 
Redesign quality 0.89 1.000 0.732 
Reflective reasoning 0.85 1.000 0.765 
Note. CA: Cronbach’s alpha; M I-CVI: Mean I-CVI; & CK: Cohen’s κ 

Table 2. Participant characteristics and baseline equivalence 

Characteristic Control Experimental t df p Cohen’s d 

Sample size, n 62 62     

Boys, n (%) 31 (50.0%) 25 (40.3%)     

Girls, n (%) 31 (50.0%) 37 (59.7%)     

Problem-solving competence (pre-test) 2.90 (0.46) 3.10 (0.44) -2.47 121.88 .015 0.44 
Engineering design performance (pre-test) 2.96 (0.53) 3.17 (0.48) -2.31 121.23 .023 0.41 
Redesign competence (pre-test) 2.96 (0.52) 2.95 (0.48) 0.13 121.51 .893 0.02 
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group comparisons of the primary outcome variables 
reported in the following sections are based on adjusted 
post-test scores rather than raw post-test means. This 
approach is widely recommended for quasi-
experimental pre-/post-test designs in educational 
research because it improves the validity of treatment 
effect estimation when complete randomization is not 
feasible. 

Effects of AI-Supported Cognitive Scaffolding on the 
Three Primary Outcomes 

To examine the effectiveness of AI-supported 
cognitive scaffolding, one-way ANCOVA were 
conducted for the three primary outcome variables, with 
pretest scores entered as covariates to adjust for baseline 
differences identified before. This procedure enabled a 
more rigorous comparison of post-test performance by 
controlling for initial variability between the 
experimental and control groups.  

As presented in Table 3, statistically significant 
treatment effects were observed across all three outcome 
measures after adjusting for pre-test performance. 
Students who participated in AI-supported STEM 
instruction demonstrated significantly higher adjusted 
post-test scores than those who received conventional 
STEM instruction. 

The largest intervention effect was found for 
engineering design performance, F(1, 121) = 42.43, p < 
.001, with a partial η² of .420, indicating that 
approximately 42.0% of the variance in adjusted post-
test engineering design performance was attributable to 
the instructional intervention. According to the 
commonly accepted benchmarks for partial η², this 
represents a large educational effect, suggesting that AI-
supported cognitive scaffolding substantially enhanced 
students’ ability to integrate scientific reasoning with 
engineering design practices. Similarly, problem-solving 
competence showed a highly significant treatment effect, 
F(1, 121) = 30.35, p < .001, with a partial η² of .348. This 
result indicates that AI-supported learning accounted 
for approximately 34.8% of the variance in students’ 
adjusted posttest problem-solving competence after 
controlling for initial differences. The magnitude of this 
effect suggests that conversational AI effectively 
supports students in analyzing design problems, 
generating alternative solutions, and making evidence-
informed engineering decisions throughout the EDP. 

A statistically significant improvement was also 
observed for redesign competence, F(1, 121) = 16.94, p < 
.001, with a partial η² of .118. Although this effect was 

smaller than those obtained for the other two outcomes, 
it still represented a meaningful educational impact. 
Redesign competence involves critically evaluating 
prototype performance, identifying design limitations, 
and implementing improvements based on test 
evidence. These higher-order engineering practices 
generally require more sophisticated reflective thinking 
and reasoning, which may explain why improvements, 
although significant, were comparatively smaller in this 
study. 

Overall, the ANCOVA results consistently supported 
the effectiveness of AI-supported cognitive scaffolding 
across all three primary outcome variables. The pattern 
of effect sizes further suggests that conversational AI 
exerted its strongest influence on students’ engineering 
design performance and overall problem-solving 
competence while also producing meaningful 
improvements in iterative redesign ability. These 
findings provide strong empirical support for the first 
hypothesis that AI-supported STEM instruction leads to 
superior learning outcomes  

Within-Group Pre-Post Improvement 

Although the ANCOVA results demonstrated 
significant differences between the experimental and 
control groups after controlling baseline performance, 
additional paired-samples t-tests were conducted to 
examine the magnitude of learning gains within each 
group across the intervention period. This analysis 
provides complementary evidence regarding how 
students’ competencies develop over time under the two 
instructional conditions. 

As shown in Table 4, statistically significant 
improvements were observed in both the control and 
experimental groups across all three primary outcome 
variables. However, the magnitude of improvement 
differed substantially between the instructional 
conditions. 

For problem-solving competence, students in the 
experimental group improved from 3.10 (standard 
deviation [SD] = 0.44) in the pretest to 3.73 (SD = 0.64) in 
the posttest, corresponding to a mean gain of 0.63 points. 
This improvement was highly significant, t(61) = 11.97, 
p < .001, with a very large within-group effect size 
(Cohen’s d = 1.52). In comparison, students in the control 
group demonstrated a more modest increase from 2.90 
(SD = 0.46) to 3.11 (SD = 0.56), yielding a mean gain of 
0.21 points (t[61] = 3.66, p < .001, d = 0.47). Thus, 
although conventional STEM instruction contributed to 
measurable improvement, AI-supported cognitive 
scaffolding produced learning gains approximately 
three times greater than conventional STEM instruction. 

A similar pattern emerged for the engineering design 
performance. The experimental group’s mean score 
increased from 3.17 (SD = 0.48) to 3.83 (SD = 0.54), 
representing a mean gain of 0.66 points and an 

Table 3. ANCOVA for the three primary outcomes 

Outcome F p Partial η² 

Problem-solving competence 30.35 < .001 0.348 
Engineering design performance 42.43 < .001 0.420 
Redesign competence 16.94 < .001 0.118 
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exceptionally large effect size (t[61] = 13.79, p < .001, 
Cohen’s d = 1.75). In contrast, the control group showed 
a comparatively small improvement from 2.96 (SD = 
0.53) to 3.17 (SD = 0.65) (mean gain = 0.22, t[61] = 4.27, p 
< .001, d = 0.54). The substantially larger effect observed 
in the experimental group indicates that AI-supported 
cognitive scaffolding was particularly effective in 
strengthening students’ ability to integrate scientific 
concepts, engineering reasoning, and design decision-
making throughout the EDP. 

Comparable findings were obtained for redesign 
competence as well. Students receiving AI-supported 
instruction improved from 2.95 (SD = 0.48) to 3.46 (SD = 
0.59), corresponding to a mean gain of 0.51 points (t[61] 
= 7.83, p < .001; Cohen’s d = 1.00). Conversely, the 
control group demonstrated only a modest increase from 
2.96 (SD = 0.52) to 3.09 (SD = 0.67) (mean gain = 0.14, t[61] 
= 2.07, p = .042, d = 0.26). Although both instructional 
approaches facilitated some improvement in students’ 
ability to evaluate and refine engineering solutions, the 
effect associated with AI-supported learning was 
considerably larger. 

Across all three outcomes, the experimental group 
consistently exhibited substantially greater learning 
gains and markedly larger effect sizes than the control 
group did. Whereas the effect sizes in the control group 
ranged from 0.26 to 0.54, those observed in the 
experimental group ranged from 1.00 to 1.75, 
representing large educational effects. These findings 
indicate that the advantages of AI-supported cognitive 
scaffolding extend beyond statistically significant group 
differences, producing meaningful improvements in 
students’ problem-solving competence, engineering 
design performance, and iterative redesign capability 
over the duration of the intervention. Collectively, these 
results provide strong support for the effectiveness of 

AI-assisted reflective learning during engineering 
design activities and reinforce the conclusions drawn 
from ANCOVA analyses. 

Comparison Across Eight Engineering Design 
Dimensions 

As secondary analysis, post-test performance was 
examined across the eight rubric dimensions to describe 
which aspects of engineering design differed the most 
between groups. Independent-samples t-tests were used 
for these exploratory contrasts, and Holm’s adjustment 
was applied across the eight tests. Because these 
comparisons were not adjusted for dimension-specific 
baseline scores, they complemented but did not replace 
the primary ANCOVA results. 

As presented in Table 5, the experimental group 
achieved higher post-test scores than the control group 
in all eight engineering design dimensions, and all 
comparisons remained statistically significant after 
Holm correction. The magnitude of these differences 
varied across dimensions. Because these were secondary 
posttest contrasts, the results describe the observed 
outcome profile and should not be interpreted as direct 
evidence of the cognitive scaffolding process. 

The largest improvement was observed for solution 
selection, where students receiving AI-supported 
instruction obtained a mean score of 3.96 (SD = 0.67) 
compared with 3.17 (SD = 0.75) in the control group, 
producing a mean difference of 0.79, t(120.72) = 6.19, p < 
.001, with a large effect size (Cohen’s d = 1.11). This 
finding suggests that conversational AI substantially 
enhances students’ ability to compare alternative design 
solutions, evaluate competing ideas using scientific 
evidence, and justify engineering decisions before 
prototype construction. 

Table 4. Within-group pre-post improvement 

Outcome Group Pre M (SD) Post M (SD) Mean gain t(61) p Cohen’s dz 

Problem-solving competence Control 2.90 (0.46) 3.11 (0.56) 0.21 3.66 < .001 0.47 

Experimental 3.10 (0.44) 3.73 (0.64) 0.63 11.97 < .001 1.52 

EDP Control 2.96 (0.53) 3.17 (0.65) 0.22 4.27 < .001 0.54 
Experimental 3.17 (0.48) 3.83 (0.54) 0.66 13.79 < .001 1.75 

Redesign competence Control 2.96 (0.52) 3.09 (0.67) 0.14 2.07 .042 0.26 

Experimental 2.95 (0.48) 3.46 (0.59) 0.51 7.83 < .001 1.00 
Note. M: Mean 

Table 5. Comparison of eight engineering design dimensions 

Dimension Control M (SD) Experimental M (SD) MD t df Cohen’s d Holm-adjusted p 

Problem understanding 3.19 (0.58) 3.85 (0.73) 0.67 5.64 116.04 1.01 < .001 
Scientific reasoning 3.10 (0.70) 3.72 (0.74) 0.61 4.73 121.68 0.85 < .001 
Solution selection 3.17 (0.75) 3.96 (0.67) 0.79 6.19 120.72 1.11 < .001 
Prototype construction 3.17 (0.73) 3.69 (0.59) 0.52 4.34 117.18 0.78 < .001 
Prototype testing 3.05 (0.70) 3.53 (0.73) 0.48 3.76 121.71 0.67 < .001 
Identification of design limitations 3.09 (0.73) 3.40 (0.76) 0.31 2.29 121.86 0.41 .024 
Redesign quality 3.09 (0.84) 3.55 (0.63) 0.46 3.45 113.47 0.62 .002 
Reflective reasoning 3.01 (0.58) 3.59 (0.77) 0.58 4.75 112.93 0.85 < .001 
Note. M: Mean & MD: Mean difference  
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Similarly, problem understanding demonstrated a 
significant intervention effect. Students in the 
experimental group scored significantly higher than 
those in the control group (3.85 vs. 3.19), corresponding 
to a mean difference of 0.67, t(116.04) = 5.64, p < .001, and 
Cohen’s d = 1.01. AI-supported questioning and 
reflective dialogue appear to have facilitated a deeper 
analysis of design constraints, enabling students to 
identify essential engineering requirements before 
initiating solution development. 

Substantial improvements were also found in 
scientific and reflective reasoning, both of which yielded 
large educational effects (d = 0.85, p < .001). Students 
using AI demonstrated a greater ability to connect 
scientific concepts with engineering decisions, critically 
evaluate their reasoning, and justify modifications 
throughout the design process. These findings support 
the interpretation that conversational AI functions 
primarily as a cognitive scaffold that promotes higher-
order thinking rather than providing direct answers. 

Moderate intervention effects were identified for 
prototype construction (d = 0.78), prototype testing (d = 
0.67), and redesign quality (d = 0.62), with all between-
group differences being statistically significant (p < 
.001). Although these dimensions involve practical 
engineering activities, successful performance also 
depends on physical manipulation, collaboration, and 
material constraints. Consequently, AI support may 
have indirectly enhanced these competencies by 
improving planning, reflection, and evidence-based 
decision-making, rather than directly influencing hands-
on construction skills. 

The smallest, yet still statistically significant, effect 
was observed for the identification of design limitations, 
where the experimental group achieved a mean score of 
3.40 (SD = 0.76) compared with 3.09 (SD = 0.73) in the 
control group, t(121.86) = 2.29, p = .024, with Cohen’s d 
= 0.41. Identifying design weaknesses requires students 
to critically evaluate prototype performance, recognize 
subtle deficiencies, and integrate testing evidence into 

subsequent revisions. These complex evaluative 
processes typically develop gradually and often require 
repeated cycles of engineering practice, beyond a single 
instructional intervention. 

Radar Chart Analysis 

To complement the statistical comparisons presented 
in Table 5, a radar chart was constructed using the mean 
post-test scores of the experimental and control classes 
across five engineering reasoning dimensions: problem 
understanding (S1), solution selection (S2), engineering 
decision-making (S3), prototype construction (S4), and 
iterative redesign (S5) (Figure 2). Radar charts provide 
an effective way to compare multidimensional 
competence profiles because they simultaneously 
display strengths, weaknesses, and the overall balance of 
performance across multiple criteria (Cleveland & 
McGill, 1985; Friendly, 2008; Porter & Niksiar, 2018). 

As shown in Figure 2, the experimental class 
displayed a substantially larger radar chart area than the 
control class across all five dimensions. Based on 
geometric estimation, the experimental class achieved an 
overall radar area of approximately 186.8 relative units, 
compared with 113.7 relative units for the control class, 
representing a difference of approximately 73.1 relative 
units. This larger and more balanced competence profile 
suggests that AI-supported cognitive scaffolding 
promotes integrated development across multiple 
engineering reasoning processes rather than isolated 
improvements. 

The greatest differences occurred in solution 
selection (S2) and iterative redesign (S5), corresponding 
to the stages of the EDP that require analytical 
comparison, reflective evaluation, and evidence-based 
decision-making. These visual findings are consistent 
with the large effect sizes reported in Table 5, indicating 
that AI particularly enhanced students’ ability to 
evaluate alternative solutions, justify engineering 
decisions, identify design limitations, and refine 
prototypes through improvement. 

In contrast, the control class exhibited a smaller and 
less balanced competence profile, particularly in higher-
order reasoning dimensions related to evaluation and 
redesign. Although students in both groups completed 
the same engineering design activities, those who 
received AI-supported instruction demonstrated 
stronger performance in tasks requiring comparison, 
reflection, and improvement. 

Overall, the radar-chart analysis corroborates the 
statistical findings reported in Table 3-Table 5 by 
showing that conversational AI functioned as an 
adaptive cognitive scaffold that strengthened 
engineering reasoning and reflective problem-solving, 
rather than serving merely as a tool for answer 
generation or procedural guidance (Cleveland & McGill, 
1985; Porter & Niksiar, 2018).  

 
Figure 2. Radar-chart comparison of engineering reasoning 
competence between the experimental and control classes 
(the authors’ own elaboration) 
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Table 6 shows the outcome-level evidence associated 
with the AI-supported intervention. 

DISCUSSION 

Students in the AI-supported condition achieved 
significantly better adjusted scores for the three primary 
outcomes. Large intervention effects were observed for 
engineering design performance (partial η² = .420) and 
problem-solving competence (partial η² = .348) in the 
experimental group. These outcome differences are 
consistent with, but do not verify, the proposed 
interpretation of conversational AI as cognitive 
scaffolding. 

Unlike AI systems that primarily generate answers, 
the present intervention positions conversational AI as a 
reflective learning partner. Students were encouraged to 
analyze design problems, justify decisions, compare 
alternative solutions, and revise prototypes through 
dialogue. This instructional approach supports recent 
arguments that the educational value of generative AI 
depends on its role as an adaptive cognitive scaffold that 
stimulates learners’ reasoning and reflection rather than 
replacing independent thinking. 

The largest improvements were observed in solution 
selection, problem understanding, scientific reasoning 
and reflective reasoning. These competencies require 
students to evaluate evidence, compare alternatives, and 
justify engineering decisions, all of which involve higher 
order cognitive processes. AI-supported questioning 
appears to have strengthened these analytical and 
reflective activities by encouraging students to 
reconsider their assumptions and evaluate competing 
solutions before making design decisions. 

Moderate improvements were found for prototype 
construction, prototype testing, and redesign quality, 
whereas the smallest effect was observed for the 
identification of design limitations. These dimensions 
depend not only on cognitive reasoning but also on 
hands-on experience, collaboration, and repeated testing 
cycles. Consequently, while AI effectively supported 
planning and reflection, mastery of practical engineering 
skills continued to rely on authentic design experiences. 
Similar findings have recently been reported in AI-
supported STEM research, where the strongest effects 
have generally been observed for cognitive and 

metacognitive outcomes rather than manual design 
performance. 

The conceptual contribution of this study is the 
distinction between AI as cognitive scaffolding and AI as 
an answer-generation tool. Conversational AI was 
intentionally integrated into the cognitively demanding 
phases of the EDP to encourage questioning, reflection, 
evidence evaluation, and redesign. The observed 
outcome pattern suggests that this instructional design 
may be productive; however, the present data do not 
directly establish which features of the student-AI 
interaction produced these gains. 

From a practical perspective, STEM teachers should 
employ AI as a structured reflective partner, rather than 
allowing unrestricted answer generation. Prompt 
designs that encourage explanation, comparison, 
justification, and redesign can maximize students’ 
engineering reasoning while reducing passive 
dependence on AI. 

Limitations and Future Research 

This study has several limitations. First, its quasi-
experimental design in a single educational context 
limits the causal inference and generalizability. Second, 
the study measured learning outcomes but did not 
collect student-AI interaction logs or other process-level 
evidence for the same. Accordingly, the findings do not 
empirically verify that cognitive scaffolding is the 
mechanism responsible for the observed differences; 
cognitive scaffolding remains a theoretically grounded 
interpretation of the intervention. Future studies should 
analyze conversation logs, prompt-response sequences, 
think-aloud protocols, screen recordings, and interviews 
to examine how AI feedback shapes reasoning, decision-
making, and redesign. Longitudinal research across 
STEM disciplines and educational levels is also required. 

CONCLUSION 

This study examined the effectiveness of AI-
supported cognitive scaffolding integrated into the EDP 
in STEM education. The findings showed that students 
receiving AI-supported instruction achieved 
significantly higher problem-solving competence, 
engineering design performance, and redesign 
competence than those in conventional STEM 
classrooms. The largest improvements were observed in 

Table 6. Outcome-level evidence associated with the AI-supported intervention 

Evidence level Indicator Estimate Interpretation 

Primary 
outcome 

Problem-solving competence Partial η² = .348 Large adjusted posttest difference 

EDP Partial η² = .420 Largest adjusted post-test difference 

Redesign competence Partial η² = .118 Meaningful but smaller adjusted difference 

Dimension 
profile 

Solution selection; problem 
understanding 

d = 1.11; d = 1.01 Largest secondary post-test differences 

Identification of design limitations d = .41; Holm p = .024 Smallest secondary post-test difference 
Footnote in 8 punto 
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engineering design performance, with additional gains 
across the eight engineering reasoning dimensions, 
particularly in problem understanding, solution 
selection, scientific reasoning, and reflective reasoning. 
Radar chart analysis further indicated that AI promoted 
a more balanced profile of engineering competence. 

Theoretically, this study conceptualizes 
conversational AI as adaptive cognitive scaffolding, 
rather than an answer-generation tool. Selective AI 
integration is associated with stronger reflective 
thinking, evidence-based decision-making, and 
engineering reasoning. Process-level studies are 
required to determine whether scaffolding mechanisms 
account for these outcome differences. 

Practically, the findings suggest that AI should be 
used to facilitate questioning, comparison, reflection, 
and redesign rather than providing ready-made 
solutions. This approach enables AI to complement, 
rather than replace, students’ engineering thinking 
during authentic STEM learning. 

The study was limited to a quasi-experimental design 
in one educational context. Future research should 
examine the long-term impact of AI-supported cognitive 
scaffolding across different STEM disciplines, 
educational levels, and learning environments, while 
exploring its effects on creativity, self-regulated 
learning, and collaborative engineering design. 
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APPENDIX A: STEM TOPIC DESIGN OF HYDRAULIC ROBOT ARM 

Time: 3 periods in class + 2 weeks at home 

Introduction to the topic: Robots are being applied in all areas of life and society, bringing about significant 
changes in the economy. Robot Technology is one of the four key areas of the 4.0 industrial revolution. One of the 
most popular and important Robot arms are used in various applications. 

 
Objectives: 

1. The basic content of some mechanical processing methods is also presented. 

2. A technological process for mechanical product processing and manufacturing was established. 

3. A hydraulic robot arm was designed according to the requirements. 

4. Mechanical materials and processing tools are selected and used to design and manufacture products safely 
and effectively. 

5. Contribute to the formation and development of communication and cooperation skills, technology design, 
skills, use of technology and technology assessment. 

Activity 2. Proposed Solutions 

Purpose 

1. State the basic concepts of some mechanical processing methods, mechanical product manufacturing 

1. processes. 

2. A technological process for manufacturing mechanical products was developed in this study. 

3. Options for the design and manufacture of robotic arms were proposed. 

4. Establish a technological process for manufacturing robotic arms based on the selected option. 

 

 
Figure A1. Students learning products (student academic results) 

 
Figure A2. AI proposes two design options (student academic results) 
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Activity 4 & Activity 5. Build a Prototype, Testing, Evaluation, and Adjustment 

Purpose 

1. Select and use the tools and materials required to manufacture the robotic arm 

2. Implement the approved technological process and manufacture products 

In this STEM experiment, AI was integrated only during two stages:  

(1) comparing design alternatives and  

(2) improving the prototype during construction.  

During solution selection, AI functioned as cognitive scaffolding by helping students compare robotic-arm 
designs based on lifting capability, stability, movement control, material cost, and construction feasibility. AI did not 
generate new design principles but only explained the strengths and limitations of students’ proposed solutions. 

 

 

https://www.ejmste.com 

 
Figure A3. AI assists in prototyping (student academic results) 

 
Figure A4. Students learning products (student academic results) 

https://www.ejmste.com/
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