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This study investigated the impact of chatbot and AR-based feedback scaffolding on university
students’ cognitive load during a scientific simulation inquiry. In a randomized experiment, 118
university students received feedback from one of four scaffolding conditions: traditional,
chatbot, augmented reality (AR), or a combined chatbot-AR system. Cognitive load was assessed
using a validated self-report scale, complemented with an open-ended questionnaire. Results
indicated that chatbot scaffolding significantly increased intrinsic load, and the combined
chatbot—AR scaffolding group showed significantly higher extraneous load than the AR-based
group. These findings suggest that integrating multiple forms of scaffolding may elevate
cognitive burden and should be implemented with caution to prevent excessive load on learners.
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Introduction

With the rapid integration of emerging technologies into education, tools such as chatbots and augmented
reality (AR) are increasingly employed to support inquiry-based learning. However, the simultaneous use of
these technologies may introduce unintended cognitive demands. Thus, it is important to understand the
impact of chatbot and AR-based feedback scaffolding in complex learning environments.

STEM education

Current STEM (Science, Technology, Engineering, and Mathematics) education emphasises engaging students
in real-world inquiry to develop deep conceptual knowledge and reasoning skills. However, this is particularly
challenging in disciplines like chemistry, where understanding requires connecting macroscopic observations
to invisible particulate and symbolic levels. Scientific simulation software is a powerful tool to bridge this gap
by visualizing complex and abstract phenomena. Nevertheless, its inherent interactive complexity can
overwhelm learners, making it difficult to identify causal relationships while imposing an extraneous cognitive
load that diminishes learning effectiveness (Chang & Yang, 2023; Pellas, 2023). To this end, this study
implemented a scientific simulation inquiry teaching approach based on the STEM education conceptual
model to tackle the identified challenges of using simulation software as mentioned above.

Chatbot feedback scaffolding and AR-based feedback scaffolding

Technology feedback scaffolding is pivotal in STEM education, providing the cognitive and motivational
support for students to tackle complex tasks beyond their independent ability (Belland, 2017). Tools like
chatbots can structure these tasks through targeted prompts to improve learning outcomes (Dever et al.,
2024). However, while structured support can enhance inquiry skills, poorly designed guidance may increase
extraneous cognitive load by introducing unnecessary interaction elements (Sweller, 2020). To mitigate the
risk, the development of personalised scaffolding that responds to individual learner needs is essential.
Chatbot feedback scaffolding offers adaptive support by delivering immediate, conversational, and tailored
feedback, helping reduce cognitive overload and improve task performance (Brachten et al., 2020). Similarly,
AR supports learning by overlaying virtual content onto real world environments, offering dynamic, visual
feedback that fosters interactive engagement (Na & Sung, 2025). The use of pedagogical agents within AR
environments further enables timely, contextual feedback aligned with student needs (Chen et al., 2025).
While the integration of AR and chatbots holds promise, its combined impact in STEM inquiry learning remains
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underexplored. Therefore, this study designed and implemented feedback scaffolding that integrated chatbot
and AR to support students within a scientific inquiry-based experimental learning context.

Feedback scaffolding on cognitive load

Cognitive load refers to the demands placed on working memory during learning and includes three types:
intrinsic load, stemming from the inherent complexity of the material; extraneous load, resulting from poorly
designed instruction; and germane load, the productive effort dedicated to schema construction (Sweller,
2020; Sweller et al., 1998). Effective instructional design seeks to reduce extraneous load and promote
germane load through structured support. However, balancing these demands remains challenging in AR
learning environments, which may impose excessive load without personalised scaffolding. Segmenting tasks
with feedback in inquiry-based learning, suggested by Moon and Brockway (2019), may ease such burden.
While existing evidence suggests that chatbot scaffolding can enhance learner focus and reduce cognitive
demands (Schmidhuber et al., 2021), some studies report increased cognitive load due to users’ unfamiliarity
with chatbot interfaces (Nguyen et al., 2022). These inconclusive findings underscore the need to further
investigate the effectiveness of chatbot-based feedback scaffolding in complex digital learning environments.
Distributed scaffolding offers multiple, complementary forms of support that can enhance learning outcomes
(Puntambekar & Kolodner, 1998); however, its effectiveness hinges on contextual alignment, personalisation,
and the rules governing adaptive support (Belland et al., 2022). Extending these insights, we assumed chatbots
can reduce cognitive load in AR-based learning by incrementally presenting content and enabling interactive,
personalised support. Accordingly, this study examined whether the use of chatbot and AR-based feedback
scaffolding significantly influences university students’ intrinsic, extraneous, and germane cognitive load
during a scientific simulation inquiry. Figure 1 shows the study framework.
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Figure 1. Research model

Method

In this study, 118 university students were recruited via social media by convenience sampling. After excluding
invalid responses, 98 valid samples remained (48 males, 50 females; M age = 23.56, SD = 2.98). They were
randomly assigned to the traditional feedback scaffolding group (T-FS group), the chatbot feedback scaffolding
group (C-FS group), the AR-based feedback scaffolding group (AR-FS group), and the chatbot integrated with
AR-based feedback scaffolding group (CAR-FS group). Cognitive load was measured using a 10-item, 6-point
Likert scale adapted from Leppink et al. (2013), with three sub-dimensions: intrinsic, extraneous, and germane
load. Cronbach’s alpha values for each subscale were .88, .83, and .87, respectively, indicating good reliability.
To complement the quantitative data, open-ended questions were included to elicit participants’ reflections
on cognitive experience and feedback presentation. Figure 2 illustrates the experimental procedure. All
participants completed the same tablet-based scientific simulation tasks but received different feedback
scaffolding. The T-FS group used a paper manual. The C-FS group accessed a chatbot via Line, an instant
messaging application. Built on the Dialogflow platform, the chatbot provided conceptual and procedural
knowledge through button-triggered replies tailored to students’ learning needs. The AR-FS employed image-
based AR developed via the UniteAR platform. Using the UniteAR app on their mobile devices, students
scanned marked areas on tablets and textbooks to access real-time virtual texts and instructional videos.
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Figures 3 and 4 present the user interfaces and operational schematics of the chatbot and AR-based
scaffolding systems, respectively. The CAR-FS group combined both chatbot and AR scaffolding for integrated
support across print and digital materials.

Participants
(N=98)

Description of experiment content, completion of participant consent form, pre-test of learning performance| 15 min
N N = 2
Traditional feedback Chatbot feedback AR-based feedback | [ Chatbot integrated with
scaffolding group scaffolding group scaffolding group scaffolding group
-FS grou C-FS grou AR-FS
(T-FS group) (C-FS group) ¢ group) (CAR-FS group)
(n=23) (n=24) (n=24) = %D
Description and wearing | | Description and wearing | | Description and wearing 10 bratoms dovic
of the braimwave device | | of the braimwave device | [ of the braimwave device | | b RPN P )
Instructions for using Chatbot usage instructions AR usage instructions 15 min
paper manua —— = AR usage instructions
perations Practice operations
) Practice operations
"""" L oo o s e 0 s e e S e
Scientific simulation inquiry experiments with tablet
r N N\ [ D @ 2
Use the paper manual Use chatbot and AR
Use chatbot to query Use AR scanning to 5
li: F::rnc::i‘;: Sitiation q SO v m!-llglo_quuy 45 min
1 I I 1
------- o Sttt Tttt labalaal
Post-test cognitive load scale, learning per 7 ded q 35 min

Figure 2. Experimental design
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Figure 3. Interface and operation schematic of chatbot
feedback scaffolding

Figure 4. Interface and operation schematic of AR-based feedback
scaffolding

Results and Discussion

As the three sub-dimensions of cognitive load represent distinct constructs, they were analysed separately
rather than aggregated into a total score. A series of two-way ANOVAs were conducted for each dimension.
Detailed analysis results are presented in Table 1. For intrinsic cognitive load, the main effect of chatbot
feedback scaffolding was significant (F = 4.10, p < .05, n? = .04). Post-hoc comparisons indicated that students
who received chatbot scaffolding reported higher intrinsic load (M = 7.59, SD = 2.64) than those without it (M
=6.43, SD = 2.87). Neither the main effect of AR-based feedback scaffolding nor the interaction effect reached
statistical significance (F = 0.44, p = .51; F = 3.16, p = .08, respectively). For extraneous cognitive load, a
significant interaction was observed between chatbot and AR-based scaffolding (F = 4.06, p < .05, n? = .04).
Simple main effects analysis revealed that the chatbot scaffolding had a significant effect only when AR
scaffolding was also present (F = 7.88, p = .01). Specifically, under the AR condition, students with chatbot
scaffolding reported higher extraneous load (M = 6.59, SD = 3.18) than those without it (M = 4.63, SD = 1.88).
No other simple main effects were statistically significant. For germane cognitive load, no significant main or
interaction effects were found.
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Table 1
Summary of the two-way analysis of variance results for cognitive load
Cognitive Load Source of Variation df F p :frt'al Post-hoc
Intrinsic Inter-group
Chatbot 1 410 <.05 .04 With chatbot > Without chatbot
AR 1 044 .51 .01
Chatbot*AR 1 3.16 .08 .03
Intra-group (error) 94
Extrinsic Inter-group
Chatbot 1 3.52 .06 .04
AR 1 0.01 .92 <.001
Chatbot*AR 1 4.06 <.05 .04
Intra-group (error) 94
Simple main effect
Chatbot feedback
scaffolding
With AR 1 7.88 .01 With chatbot > Without chatbot
Without AR 1 .01 .92
AR-based feedback
scaffolding
With chatbot 1 1.67
Without chatbot 1  2.56
Germane Inter-group

Chatbot 1 0.04 .84 <.001

AR 1 129 .26 .01

Chatbot*AR 1 104 31 .001
Intra-group (error) 94

This study examined the impact of chatbot and AR-based feedback scaffolding on students’ cognitive load
during a scientific simulation inquiry. For intrinsic cognitive load, students who received chatbot scaffolding
reported significantly higher levels than those who did not, regardless of AR integration. Although the chatbot
was designed to break down complex tasks into manageable components (Moon & Brockway, 2019), open-
ended responses suggested that the overall volume and complexity of content remained overwhelming,
resulting in cognitive overload despite structured guidance. In terms of extraneous cognitive load, a significant
interaction effect showed that increased load emerged only in the condition where both chatbot and AR
scaffolding were implemented. While multiple scaffolding is generally intended to enhance learning
opportunities (Puntambekar & Kolodner, 1998), and chatbots are often shown to reduce cognitive burden
(Schmidhuber et al., 2021), participants’ unfamiliarity with these technologies may have increased cognitive
demands (Nguyen et al., 2022). Qualitative responses further confirmed that students’ limited prior
experience with the technologies introduced operational difficulties, increasing their perceived cognitive load.
Regarding germane cognitive load, no significant main or interaction effects were observed across the groups.
Although well-designed instructional scaffolding could enhance germane load by fostering deeper cognitive
engagement (Paas et al., 2003), open-ended responses revealed that students across all conditions were able
to focus on the essential scientific concepts and tasks, likely due to the smooth guidance offered by feedback
scaffolding. This may explain the lack of significant differences in germane cognitive load among groups.

Conclusion

This study investigated the effects of chatbot and AR-based feedback scaffolding on university students’
cognitive load during a scientific simulation inquiry. Results showed that chatbot scaffolding significantly
increased intrinsic load, while the combined chatbot—AR condition significantly elevated extraneous load.
These outcomes suggest that integrating multiple scaffolds may overwhelm learners, whereas using a single
scaffold—preferably AR-based—may better support cognitive processing in inquiry-based learning. However,
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several research limitations should be noted. First, individual learner characteristics (e.g., learning styles) may
have influenced outcomes. Second, unfamiliarity with chatbot or AR tools could have affected cognitive load.
Third, the study relied solely on self-reported data and examined only two scaffolding types, limiting
generalisability. Future research should explore varied scaffolding designs and account for learner differences
to strengthen applicability of the results.
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