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 Artificial intelligence (AI) literacy is increasingly emphasized in technology 

education, yet many middle-school classroom activities remain screen-based 

and offer limited opportunities to experience the full AI pipeline in an 

authentic design context. To address this gap, this study developed a low-

cost, classroom-ready 2-degree-of-freedom (2-DOF) robotic arm kit and an 

eight-lesson AI-integrated instructional unit in which students assembled the 

robot arm, collected and labeled image data, trained and improved a 

classification model, and applied model outputs to robot-arm control. A 

quasi-experimental pretest–posttest control-group design was employed with 

98 ninth-grade students in four intact classes (experimental group, n=46; 

comparison group, n=52). Quantitative data were analyzed using ANCOVA 

with pretest scores as covariates, and qualitative data from student reflection 

reports were analyzed thematically. The experimental group significantly 

outperformed the comparison group on value of AI, efficacy of AI, AI 

literacy, and total scores. Qualitative findings further showed that students 

recognized both benefits and risks of AI and proposed multi-layered safety 

strategies involving physical safeguards, operational rules, and data/model 

management. These findings suggest that embedding the full AI pipeline in a 

tangible engineering-design task can support embodied, responsibility-

oriented AI learning in middle school technology education. 
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1. INTRODUCTION 

Artificial intelligence (AI) is rapidly being embedded not only in everyday digital services such as 

search, recommendation, and translation, but also in school administration, learning platforms, and 

assessment tools. Consequently, adolescents are increasingly expected to develop AI literacy that extends 

beyond merely “using” AI—namely, the capacity to interpret and evaluate how AI systems operate  

(e.g., what data and rules they rely on), to recognize their limitations, biases, and risks, and to use them 

responsibly within real-world contexts [1], [2]. The international community likewise highlights the 

importance of K–12 AI education and recommends that educational policies address AI competencies 

together with ethics and accountability [1]–[4]. In particular, the view that trustworthy AI requires systematic 

management of key risk factors—such as fairness, safety, transparency, and accountability—has become an 

important benchmark for educational practice; accordingly, the National Institute of Standards and 

Technology (NIST) AI Risk Management Framework provides guidance for identifying, assessing, and 

mitigating risks across the AI lifecycle [5]. 

https://creativecommons.org/licenses/by-sa/4.0/
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AI literacy also offers a basis for specifying what should be taught and what should be assessed. 

Long and Magerko [6] articulated core AI literacy competencies (e.g., understanding AI concepts; 

understanding relationships among data, models, and outputs; critically judging limitations, errors, and 

societal impacts) and provided design considerations for instruction. Ng et al. [7] further conceptualized AI 

literacy along dimensions such as understanding, use, evaluation/creation, and ethics, strengthening the 

theoretical foundation for curriculum and assessment design. However, the implementation of K–12 AI 

education remains uneven relative to policy aspirations. Touretzky et al. [8] proposed the scope and 

principles of AI learning that all K–12 students should acquire and emphasized learning progressions 

organized around the “big ideas” of AI, including machine learning [9]. Despite these proposals, recent 

synthesis studies report that classroom AI instruction often prioritizes conceptual introductions and tool use, 

whereas learning experiences that consistently support higher-order competencies—such as learners 

constructing datasets, iteratively improving models, and interpreting performance and limitations—remain 

comparatively scarce [10], [11]. Large-scale analyses of classroom instruction similarly indicate substantial 

variation in learning theories, pedagogical approaches, and assessment alignment, and suggest that 

performance-based verification of AI literacy outcomes is still limited [12]. 

To demonstrate “what has improved,” reliable measurement instruments are essential. Work 

developing and validating AI literacy scales for middle school students proposes multidimensional 

constructs—including AI understanding, data literacy, problem solving, and social impact/ethics—and 

indicates the feasibility of school-based diagnostics [13]. In addition, general AI literacy scale development 

provides a basis for cross-context comparison and empirical validation of learning effects [14]. Importantly, 

ethics and social impact should not be treated as optional add-ons in AI education but as core components. 

Scholarship has increasingly called for integrating socio-ethical issues into K–12 AI learning experiences 

[15], and studies on project-based, integrated AI-and-ethics curricula suggest that activity-centered learning, 

continuous embedding of ethical reasoning, and reduced access barriers can enhance engagement and 

understanding [16]. 

This study operationalizes these discussions within technology education, which is grounded in 

engineering design and maker-oriented learning. Technology education connects knowledge and practice by 

guiding learners through defining problems, specifying designs, building and testing prototypes, and 

providing evidence-based rationales for improvement. The project-based learning (PBL) literature 

emphasizes that autonomy and authenticity alone are insufficient; rather, structured inquiry support 

(scaffolding) and assessments aligned with learning goals are decisive conditions for learning outcomes  

[17], [18]. Moreover, research on scaffolding in problem-/project-based learning argues that effective 

instruction requires deliberately balancing cognitive challenge with instructional support, rather than relying 

on “minimal intervention” [19], [20]. Therefore, integrating AI learning into technology-education projects 

calls for explicitly embedding the AI pipeline (data collection → training → evaluation → application) 

within the activity flow and making learners’ decision rationales visible at each stage (e.g., data quality, class 

balance, error types, uncertainty). 

Educational robotics and physical computing are particularly promising because they make AI 

decisions observable as physical outcomes, thereby visualizing how model outputs affect real-world actions. 

Systematic reviews of robotics-based learning suggest that robotics can enhance motivation and achievement, 

although effects vary depending on task design, teacher scaffolding, and assessment practices [21]. Reviews 

of robots in education likewise note that learning outcomes depend on the role of the robot (tool, tutor, peer), 

instructional context, and reliability issues [22]. In addition, low-cost microcontroller-based instruction (e.g., 

Arduino) can promote programming and computational thinking in PBL/STEM contexts [23], [24], and prior 

work on low-cost microcontroller-based teaching models demonstrates feasibility and scalability for school 

implementation [25]. Block-based languages (e.g., Scratch) lower entry barriers for novice learners [26], and 

the growing availability of web-based interfaces for training and testing classification models has further 

enabled machine-learning activities in K–12 contexts [27]. 

Nevertheless, in Korea, middle school AI education is primarily implemented within 

informatics/computing subjects, and prior analyses have raised concerns about weak vertical articulation 

across school levels due to limited instructional time and variability in curriculum organization [28].  

Even when physical computing is used, instruction often concentrates on rule-based programming  

(e.g., conditional branching from sensor readings), which may restrict opportunities for learners to construct 

datasets, evaluate and improve model performance, and mitigate the consequences of misclassification  

[10]–[12]. Although fusion education attempts using 3D printing for robot-arm fabrication and control have 

been reported [29], classroom-ready designs that reduce burdens related to assembly, circuit configuration, 

and lesson operation at the middle school level remain an ongoing challenge. Meanwhile, AI-based invention 

education programs have demonstrated the potential of AI for creative problem solving and design activities 

[30]. However, concrete instructional packages that enable middle school students to experience the 
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integrated flow of model outputs → physical actions → responsible design (e.g., safety, reliability, misuse) 

require further development and empirical validation. 

Accordingly, this study aims to i) develop a low-cost, classroom-ready 2-degree-of-freedom  

(2-DOF) robot-arm kit that middle school students can assemble with relative ease while learning basic 

mechanical elements and simple electronic circuits; ii) support students in training, evaluating, and 

improving an image-classification model using beginner-friendly web-based tools and a block-coding 

environment; and iii) design, validate, and evaluate an AI-integrated instructional unit that implements the AI 

pipeline (data → model → evaluation → application) within an engineering design task by linking model 

outputs to robot-arm movements. The 2-DOF configuration was deliberately selected because it allows 

accessible kinematic understanding while still enabling learners to experience engineering constraints such as 

workspace limits, load constraints, and motion accuracy. At the same time, the kit was intentionally designed 

for ordinary school conditions by reducing assembly complexity, simplifying control logic, and optimizing 

the system for USB single-cable operation without a separate external power supply. In this way, the study 

sought to develop not only an instructional tool, but also a feasible embodied AI learning platform that could 

be implemented even in resource-constrained school settings. This design is also meaningful in that it enables 

discussion of AI risk management and responsible design by allowing students to observe how 

misclassification may lead to physical misoperation [5], [21], [22]. 

This study is novel in four respects. First, unlike many educational robot-arm activities that rely on 

more complex multi-joint systems, external power supplies, or screen-based AI exploration, this study 

intentionally adopts a 2-DOF structure and a USB single-cable design to maximize accessibility, operational 

stability, and classroom feasibility under ordinary school conditions. This design reduces assembly difficulty, 

simplifies control logic, and enables embodied AI learning even in under-resourced school settings, including 

classrooms with older PCs and limited infrastructure. Second, the study does not treat the robot arm merely 

as a programmable artifact; rather, it presents a power-optimized, school-scalable instructional kit designed 

so that novice learners can assemble, operate, and test an embodied AI system within realistic class 

constraints. Third, the instructional unit embeds the full AI pipeline—data collection, labeling, model 

training, evaluation, revision, and deployment—within a tangible engineering-design task, allowing students 

to observe how model outputs and model errors translate into physical action and potential misoperation. 

Fourth, by combining a quasi-experimental design with qualitative reflection data, this study examines not 

only whether students’ AI-related outcomes improve, but also how embodied AI learning can promote 

reasoning about safety, misuse, and responsible AI governance in middle school technology education.  

In this respect, the study contributes not only to embodied AI learning design but also to the broader 

dissemination of robotics and AI education by proposing a kit that is feasible for routine use in resource-

constrained school environments. The research questions are as: 

− Are the developed 2-DOF robotic arm kit and the accompanying instructional materials feasible and 

appropriate for implementation in middle school technology education? (RQ1) 

− Compared with conventional technology education, does participation in the unit improve students’ AI-

related outcomes (value, efficacy, and AI literacy)? (RQ2) 

 

 

2. PROCEDURE FOR DEVELOPING THE INSTRUCTIONAL KIT AND MATERIALS 

2.1.  Overview of kit design 

To develop the instructional kit, we drew on a previously reported low-cost microcontroller-based 

teaching and learning model [25]. Following the procedure shown in Figure 1: i) we selected the topic and 

determined that a 2-DOF robot arm with a gripper would be appropriate for practicing AI image-

classification models; ii) fabricated an Medium-density fiberboard (MDF)-based kit using an Arduino-

compatible board; iii) conducted pilot tests to confirm classroom applicability; iv) produced instructional 

materials using Canva; v) we implemented the kit and unit with middle school students to examine 

educational effects; and vi) refined the kit and materials based on identified areas for improvement. This 

process was intended to ensure that the kit was not only technically functional but also instructionally 

manageable in an ordinary middle-school setting. 

The kit consists of a two-servo-joint 2-DOF robot-arm mechanism, a microcontroller-based control 

module, a gripper, and a manually operated joystick. To facilitate adoption in typical middle school 

classrooms, the mechanical components were designed using low-cost materials, primarily MDF and an 

Arduino-compatible board. The kit was also designed to reduce assembly burden, simplify circuit 

connections, and support repeated classroom use under limited time and resource conditions. 
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2.2.  AI learning flow 

The instructional sequence was designed to enact the core AI pipeline emphasized in K–12 AI 

frameworks [6], [9]. Students first defined a real-world problem for which classification would be useful, 

such as sorting objects by category or recognizing simple hand gestures. They then collected and labeled 

training data and trained a classification model using Entry, a beginner-friendly web-based tool [27]. 

Students interpreted the confidence levels of image-classification outputs by examining the 

collected dataset and the resulting model behavior. They iteratively improved model performance by 

adjusting the quantity and quality of data, including class balance, diversity of examples, lighting, and 

background conditions. Finally, students deployed the trained model by connecting it to robot-arm control, 

observed how misclassification could lead to physical misoperation, and discussed mitigation strategies such 

as adding an “unknown/no-action” class, using repeated predictions, improving data quality, or redesigning 

the task. In this way, the unit allowed students to experience AI not only as software output, but also as a 

decision process with visible physical consequences. 
 
 

 
 

Figure 1. Overview of kit design 
 

 

2.3.  Unit structure 

The unit was designed as eight 45-minute lessons. It combined brief concept instruction, guided 

practice, team-based design work, and reflection, aligning with recommended practices for implementing 

PBL. The lesson overview is presented in Table 1. 
 

 

Table 1. Unit overview 
Lesson Core topic Key deliverables 

1 Problem definition and safety Problem statement; list of constraints 
2 Robot-arm assembly and basic control Operating robot arm; movement log/record 

3 Classification concepts and data understanding Class definitions; data collection plan 

4 Data collection and labeling Training dataset v1 
5 Model training and evaluation Model v1 metrics; error-analysis notes 

6 Model improvement and fairness/limitations Model v2; mitigation strategy plan 

7 Application: integrating model output with robot control Demonstration results; failure-cause analysis 
8 Assessment and reflection Design report; responsible AI reflection essay 

 

 

3. METHOD 

3.1.  Research design 

This study adopted a quasi-experimental pretest–posttest control-group design and a convergent 

mixed-methods design. The quantitative component examined whether participation in an AI-integrated 

instructional unit based on a low-cost 2-DOF robotic arm improved students’ AI-related outcomes compared 

with conventional technology education. The qualitative component was included to capture how students 

interpreted the value, risks, and responsible use of AI when model outputs were connected to a physical 

robotic system. 

The experimental group participated in the AI-integrated unit developed in this study, whereas the 

comparison group completed an alternative eight-lesson sequence focused on robotics/mechanical elements 
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and rule-based programming without machine-learning model training or application. This design was 

selected because random assignment at the individual student level was not feasible under ordinary school 

scheduling constraints. Quantitative and qualitative data were collected during the same intervention period, 

analyzed separately, and integrated during the interpretation stage to provide a more comprehensive 

explanation of both learning outcomes and students’ reflective reasoning. 

 

3.2.  Participants and context 

Participants were ninth-grade students from a public middle school in the Republic of Korea. A total 

of 98 students participated in the study, comprising two experimental classes (n=46) and two comparison 

classes (n=52). Exact age data were not collected in order to minimize the collection of personal information 

in this school-based study; however, ninth-grade students in the Korean school system are typically 15 to  

16 years old. The experimental group included 26 male students and 20 female students, whereas the 

comparison group included 31 male students and 21 female students. All participating classes belonged to the 

same grade level and shared a similar school context in terms of curriculum exposure, timetable structure, 

and instructional environment. 

Class assignment was conducted on an intact-class basis according to school timetable constraints 

between April 7 and April 25, 2025. Because the school schedule did not permit random reassignment of 

students across classes, the study should be interpreted as a school-based quasi-experimental investigation 

rather than as a randomized controlled trial. Within classes, students worked in teams of three to four, and 

team formation was conducted through random assignment. 

Both groups were taught by the same technology teacher, which helped reduce teacher-related 

variation across conditions. Prior to implementation, approval was obtained from the school principal as the 

relevant institutional authority, and both parental consent and student assent were secured. Participation was 

voluntary, and students were informed that their responses would not affect their grades. Although the intact-

class design increased ecological validity by preserving authentic classroom conditions, the findings should 

still be interpreted with caution because class-level clustering effects may remain. 

 

3.3.  Treatment and comparison conditions 

3.3.1. Experimental group 

Students in the experimental group completed the eight-lesson AI-integrated unit. The intervention 

consisted of eight 45-minute lessons, for a total of 360 minutes, implemented over the scheduled class period. 

Across the lessons, students defined a classification-related problem, assembled and controlled a 2-DOF 

robotic arm, collected and labeled image data, trained and evaluated an image-classification model using 

Entry, improved the model through iterative data revision, and finally connected model outputs to robot-arm 

movement. 

 

3.3.2. Comparison group 

Students in the comparison group completed an eight-lesson conventional technology education 

sequence, also totaling 360 minutes. This sequence focused on robot-arm assembly, servo control, and rule-

based programming. Although the comparison group worked on a similar physical artifact and completed a 

similar design-related task, their lessons did not involve machine-learning model training, model evaluation, 

or model-based control. Thus, the key instructional difference between the two conditions was the inclusion 

or exclusion of machine-learning activities and AI-pipeline reasoning. 

 

3.3.3. Implementation monitoring 

To monitor implementation fidelity, the instructor used a fidelity checklist that recorded the 

completion of key lesson activities, time allocation, and delivery of core concepts. Example items included 

whether planned safety instruction was delivered, whether model training and testing steps were completed 

as scheduled, and whether teams produced the required artifacts for each lesson. In addition, students’ 

activity status and portfolio progress were reviewed through shared access to their Google Sites portfolios. 

These procedures were used to confirm that the intended instructional sequence had been implemented 

consistently across the intervention period. 

 

3.4.  Instruments 

3.4.1. Quantitative measures 

To assess AI-related outcomes, this study adopted an AI literacy instrument reported in prior Korean 

educational research. The instrument comprised 14 items across three subdomains: value of AI (5 items), 

efficacy of AI (4 items), and AI literacy (5 items). All items were rated on a 5-point Likert scale ranging from 

1 (strongly disagree) to 5 (strongly agree). Representative items addressed whether students regarded AI as 
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socially useful and important, whether they felt confident in understanding and using AI-related ideas, and 

whether they could explain how AI systems work and why AI outputs may sometimes be inaccurate or biased. 

Before the main implementation, the instrument was pilot-tested in a separate class (n=26) to 

examine item clarity and suitability for the target age group. Based on pilot feedback, minor wording 

revisions were made to improve readability and reduce ambiguity. Internal consistency reliability in the 

present dataset was high, with Cronbach’s alpha values ranging from 0.858 to 0.959 across the measured 

variables. However, the dimensional structure of the instrument was not revalidated through factor analysis in 

the present sample, so construct validity in this specific context should be interpreted with caution. 

 

3.4.2. Qualitative data sources 

Qualitative data were collected to complement the survey findings and to provide a richer account of 

how students reasoned about AI in a physical computing context. Students documented the production 

process, models, and code in their design reports. In addition, students responded to four open-ended 

prompts: i) useful tasks that could be done with an AI robot arm; ii) expected benefits of advances in AI;  

iii) concerns regarding advances in AI; and iv) rules for using AI safely. 

These prompts were designed to elicit students’ perceptions of applicability, benefits, risks, and 

responsible use. The written responses were supplemented by related artifacts such as dataset screenshots, 

model-evaluation records, and portfolio materials. Together, these sources were used as the primary 

qualitative dataset for analysis and interpretation. 

 

3.5.  Data collection procedures 

The pretest was administered one week prior to the beginning of the instructional unit. The posttest 

was administered within one week after the intervention had concluded. In addition to the survey data, 

student artifacts—including datasets, model-evaluation screenshots, design reports, and portfolio materials—

were collected in an open-portfolio format using Google Sites. Before analysis, all data were anonymized by 

replacing student names with participant codes, and the multiple data sources were later integrated during 

interpretation. 

 

3.6.  Data analysis 

3.6.1. Quantitative analysis 

Quantitative analyses were conducted in several steps. First, the data were screened and descriptive 

statistics were computed for each measure. Second, baseline equivalence between the experimental and 

comparison groups was examined using independent-samples t-tests on pretest scores. Third, treatment 

effects were tested using separate analyses of covariance (ANCOVAs) for each outcome variable, with the 

corresponding posttest score as the dependent variable, group (experimental vs. comparison) as the fixed 

factor, and the corresponding pretest score as the covariate. 

Prior to the main analyses, assumption checks were conducted. For each ANCOVA, the assumption 

of homogeneity of regression slopes was tested by examining the Group × Pretest interaction. In addition, 

normality was examined through Shapiro–Wilk tests and visual inspection of Q–Q plots, and homogeneity of 

variance was examined using Levene’s test. These checks indicated some deviations from normality and 

homogeneity of variance for several posttest outcomes, likely reflecting ceiling effects in a portion of the 

data. Because of these deviations, the ANCOVA results were interpreted with caution and were 

supplemented by robustness checks using heteroskedasticity-robust standard errors. 

 

3.6.2. Qualitative analysis 

The qualitative data were analyzed using thematic analysis following Braun and Clarke’s six-phase 

approach [31]. First, the researcher repeatedly read students’ written responses and artifacts to gain 

familiarity with the data. Second, initial meaning units were identified and coded. Third, related codes were 

grouped into categories, which were then reviewed and refined into broader themes. Finally, the themes were 

defined, named, and interpreted in relation to the research purpose and quantitative findings. 

The coding process followed a hybrid approach. The four reflection prompts provided an initial 

deductive frame for organizing the analysis, while specific categories and subthemes were generated 

inductively from students’ actual responses. In the current dataset, this process yielded 226 meaning units 

and four overarching themes: i) perceived applicability; ii) expected benefits; iii) concerns and risks; and  

iv) rules for safe and responsible use. To enhance traceability, coding proceeded from raw statements to 

meaning units, codes, subthemes, and final themes. For example, a student response such as “The robot 

should stop immediately if something goes wrong” was coded as emergency stopping and then categorized 

under the subtheme of operation control within the broader theme of rules for safe and responsible use. 
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3.7.  Research ethics 

This study was conducted in accordance with school policies and relevant regulations governing 

school-based educational research. Formal approval for the study was obtained from the school principal, 

who served as the relevant institutional authority for this school-level implementation. In addition, both 

parental consent and student assent were secured prior to data collection.  

Participation was voluntary and had no effect on students’ grades. To minimize risks associated with 

the robot arm, the researcher personally provided safety instruction and supervised student use under the 

guidance of the classroom teacher. To reduce possible educational inequity, supplementary instruction related 

to the AI-integrated activities was provided to the comparison group after the study had concluded. 

 

 

4. RESULTS AND DISCUSSION 

4.1.  Development of the 2-DOF robot-arm kit 

The robot-arm kit was designed to be accessible for middle school learners and affordable for 

implementation in general public schools with limited budgets. To reduce fabrication costs while maintaining 

structural robustness, the mechanical frame was constructed using two MDF plates, and the control system 

was built on an Arduino-compatible board. To simplify wiring and lower barriers for classroom use, an 

Arduino sensor shield was adopted for circuit connections, and a manually operated joystick was added to 

support basic control and testing. 

To examine the appropriateness of the kit for the intended learners and classroom context, the 

developed prototype underwent expert review by eight evaluators: five faculty members/researchers 

specializing in technology education, engineering education, and AI education, and three in-service 

technology teachers. The review was designed to assess the feasibility and appropriateness of both the kit and 

the accompanying instructional materials for middle school implementation. Specifically, experts provided 

structured feedback on i) classroom usability (e.g., assembly difficulty, operability, and manageability);  

ii) operational stability and safety (e.g., power stability and potential risk points); and iii) instructional 

suitability (e.g., alignment with learning objectives and age appropriateness). In addition, implementation 

notes from the pilot lessons (e.g., setup time, common operational issues, and safety-related observations) 

were collected to support a practice-oriented feasibility assessment. Overall, the panel judged the kit to be 

appropriate for middle school students and likely to support engaging learning tasks. The kit components and 

the completed prototype are presented in Figure 2. 
 
 

 

 
 

Figure 2. Components and build quality of the 2-DOF robot-arm kit 
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This study intentionally adopted a 2-DOF robotic arm configuration rather than a conventional  

3-degree-of-freedom (3-DOF) educational kit to maximize classroom usability and operational stability. 

First, reducing the number of joints and components improves ease of use: students with limited prior 

experience can assemble the mechanism more quickly, and the corresponding control logic becomes simpler 

to implement and debug. This simplification supports instructional goals by lowering initial barriers to entry 

and allowing learners to focus on core concepts such as sensing–decision–actuation and error diagnosis. 

Second, the kit was designed to operate with a “USB single-cable” setup, where one USB 

connection to the host computer provides both communication and power, eliminating the need for a separate 

external power supply. This decision was motivated by typical school conditions (e.g., older classroom PCs 

and limited outlets), where stable operation is more likely when the entire system remains within 

conservative USB power limits. In general, USB 2.0 ports provide up to approximately 500 mA and USB 3.0 

ports up to approximately 900 mA under nominal conditions; therefore, the design goal was to complete all 

operations within the lower bound (≤500 mA) to reduce the risk of power-reset events and ensure 

uninterrupted practice. 

To justify this constraint, the current-consumption characteristics of SG90 servo motors were 

considered during both mechanical and instructional design. Under typical motion, an SG90 servo may draw 

roughly 100–300 mA; however, current draw increases when the servo must hold a load (holding current) or 

when it becomes mechanically constrained (stall condition), which can reach approximately 600–800 mA for 

a single servo—potentially exceeding the USB 2.0 threshold by itself. Because the gripper servo is 

particularly susceptible to high load during grasping and holding, accurate neutral-position calibration and 

careful mechanical alignment were emphasized, and a lightweight compliant object (a sponge ball) was 

selected as the primary target to reduce stall risk and prevent overload. 

Third, additional strategies were implemented to enhance safety and reliability under strict power 

constraints. The control routine was structured so that servos do not move simultaneously; instead, they 

operate sequentially to distribute peak current demand over time. Although some combined states inevitably 

occur (e.g., one servo moves while another maintains holding torque), sequential actuation reduces 

instantaneous current spikes. At the hardware level, the use of a sponge ball rather than rigid objects further 

mitigates stall current at the gripper. Finally, component optimization—especially servo zeroing and linkage-

angle tuning—was used to minimize unnecessary mechanical resistance, thereby improving both stability and 

repeatability of classroom operation. 

 

4.2.  Development of instructional materials 

Instructional materials were developed to enable students to carry out hands-on activities with 

minimal difficulty and to support teachers’ implementation fidelity. The materials included: i) a component 

checklist; ii) step-by-step guidance for building an open portfolio using Google Sites; iii) robot-arm assembly 

instructions; iv) procedures for creating an AI image-classification model using Entry, including example code 

for basic practice; v) joystick-control instructions prepared for the comparison condition; and vi) templates and 

guidance for producing reflection artifacts. These materials were designed not only to assist students’ task 

completion but also to reduce teachers’ preparation burden and improve lesson consistency across groups. 

All resources and student portfolios were shared via Padlet, allowing teachers to quickly access 

instructional materials and enabling teams to monitor progress across groups during the unit. This sharing 

system also supported formative monitoring by making students’ work processes visible during 

implementation. The developed materials are shown in Figure 3. 
 

 

  
 

Figure 3. Developed instructional materials 
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4.3.  Analysis of educational effects 

4.3.1. Baseline equivalence between groups 

Independent-samples t-tests on pretest scores indicated that the experimental and comparison groups 

were statistically equivalent at baseline on value of AI, efficacy of AI, literacy of AI, and the total score 

(value: t(96)=.176, p=.861; efficacy: t(96)=−1.535, p=.128; literacy: t(96)=−.752, p=.454; total: t(96)=−.718, 

p=.474). Cronbach’s alpha values ranged from .858 to .959, indicating high internal consistency reliability. 

The pretest descriptive statistics by group are summarized in Table 2. 

 

 

Table 2. Baseline equivalence between groups at pretest 
Type Group type N Mean SD t(df) p Cronbach’s α 

Value of AI Experiment 46 3.60 .953 .18(96) .861 .858 

Comparison 52 3.58 .565 

Efficacy of AI Experiment 46 3.44 1.087 -1.54(96) .128 .917 
Comparison 52 3.70 .542 

Literacy of AI Experiment 46 3.61 1.107 -.75(96) .454 .938 

Comparison 52 3.74 0.514 
Total score Experiment 46 3.56 0.990 -.72(96) .474 .959 

Comparison 52 3.67 0.501 

 

 

An ANCOVA was conducted for each outcome to compare posttest scores between the 

experimental (E) and comparison (C) groups, controlling for the corresponding pretest scores. The 

homogeneity-of-regression-slopes assumption was satisfied for all models, with non-significant Group × 

Pretest interactions. However, normality and homogeneity-of-variance checks indicated some deviations for 

several posttest variables, likely due to ceiling effects. Accordingly, the ANCOVA results were interpreted 

together with robustness checks using heteroskedasticity-robust standard errors, and the overall pattern of 

significant group differences remained unchanged. As shown in Table 3, significant adjusted group effects 

were found for all outcomes, favoring the experimental group. 

 

 

Table 3. Posttest group comparisons adjusted for pretest (ANCOVA) 
Type F(1,95) p (Holm) partial η² Adj M (Exp, E) Adj M (Comp, C) Δ (C−E) 

Value of AI 6.720 .011 .066 3.986 3.639 −0.347 
Efficacy of AI 10.331 .007 .098 4.149 3.680 −0.469 

Literacy of AI 10.393 .007 .099 4.185 3.715 −0.470 

Total Score 10.283 .007 .098 4.103 3.684 −0.419 

 

 

4.3.2. Pre–post changes in the experimental group 

Following participation in the 2-DOF robot-arm–based AI-integrated unit, the experimental group 

showed statistically significant improvements across AI-related perceptions and competencies. Value of AI 

increased from pretest (M=3.60, SD=.953) to posttest (M=3.99, SD=.842), (p=.013). Efficacy of AI increased 

from M=3.44 (SD=1.087) to M=4.09 (SD=.978), (p<.001). Literacy of AI increased from M=3.61 (SD=1.107) 

to M=4.16 (SD=.981), (p=.002). The total score increased from M=3.56 (SD=.990) to M=4.08 (SD=.872), 

(p<.001). These results suggest that the intervention was associated with meaningful gains in students’ AI-

related perceptions and AI literacy outcomes. The magnitude of within-group change in the experimental 

group was small-to-moderate for value of AI (dz=0.38) and moderate for efficacy of AI (dz=0.60), AI 

literacy (dz=0.48), and total score (dz=0.52). Detailed pre–post results for the experimental group are 

provided in Table 4. 

 

 

Table 4. Pre–post changes in the experimental group 
Type test N Mean SD t(df) p Cohen’s dz 

Value of AI Pre-test 46 3.60 .953 -2.59(45) .013 .38 
Post-test 46 3.99 .842 

Efficacy of AI Pre-test 46 3.44 1.087 -4.07(45) <.001 .60 

Post-test 46 4.09 .978 
Literacy of AI Pre-test 46 3.61 1.107 -3.23(45) .002 .48 

Post-test 46 4.16 .981 

Total score Pre-test 46 3.56 .990 -3.56(45) <.001 .52 
Post-test 46 4.08 .872 
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4.3.3. Pre–post changes in the comparison group 

In contrast, the comparison group did not exhibit statistically significant changes on any outcome 

measure. Value of AI increased slightly from pretest (M=3.58, SD=.565) to posttest (M=3.63, SD=.568), but 

the change was not significant (p=.510). Efficacy of AI showed a small, non-significant change from M=3.70 

(SD=.542) to M=3.73 (SD=.571), (p=.734). Literacy of AI remained stable (M=3.74 at both pretest and 

posttest; p=.994). The total score also showed no significant improvement, changing from M=3.67 (SD=.501) 

to M=3.70 (SD=.522), (p=.660). In contrast, the corresponding within-group effect sizes in the comparison 

group were negligible, ranging from dz=.00 to 0.09. The comparison-group results are presented in Table 5. 

 

 

Table 5. Pre–post changes in the comparison group 
Type test N Mean SD t(df) p Cohen’s dz 

Value of AI Pre-test 52 3.58 .565 -.66(51) .510 .09 

Post-test 52 3.63 .568 
Efficacy of AI Pre-test 52 3.70 .542 -.34(51) .734 .05 

Post-test 52 3.73 .571 

Literacy of AI Pre-test 52 3.74 .514 -.01(51) .994 .00 
Post-test 52 3.74 .528 

Total Score Pre-test 52 3.67 .501 -.44(51) .660 .06 

Post-test 52 3.70 .522 

 

 

4.3.4. Qualitative analysis of reflection reports 

To complement the quantitative findings, reflection reports from students in the experimental group 

were analyzed qualitatively. As shown in Table 6, the analysis of 226 meaning units yielded four overarching 

themes: i) perceived applicability; ii) expected benefits; iii) concerns and risks; and iv) rules for safe and 

responsible use. These themes provide insight into how students interpreted the educational and social 

meaning of AI when model outputs were connected to a physical robotic system.  

 
 

Table 6. Themes and subthemes identified from students’ reflection reports (n=226 meaning units) 
Higher-order 

category 
Subtheme (Frequency) Representative statement (Excerpt/example) 

Perceived 

applicability 

Classification & organizing (16) “Separating and inspecting defective products…,” “Sorting ballot papers…” 

Recycling & environment (5) “Replacing waste sorting with a robot arm…” 

Automation in 
manufacturing/logistics/services (6) 

“Automatically sorting parts and supplying them to an assembly line.” 

Hazardous/extreme  

environments (5) 

“Sorting radioactive materials/dangerous waste… even in space or on 

cliffs.” 
Healthcare & caregiving (4) “It could be used as a precise surgical tool.” 

Expected 

benefits 

Quality of life & convenience (12) “Like a personal assistant… a more comfortable life.” 

Risk reduction & safety (9) “Supporting people working in harsh environments.” 
Efficiency & productivity (5) “Doing repetitive tasks quickly… continuous operation is possible.” 

Cost & labor reduction (4) “Reducing labor costs… helping to lower prices.” 

Concerns/risks Job displacement (6) “Jobs may be threatened… social problems could occur.” 
Misuse 

(weaponization/surveillance) (6) 

“Misused by criminal groups…,” “Concerns about unauthorized 

surveillance.” 

Malfunction & harm (3) “If it malfunctions, production lines could stop… causing economic losses.” 
Cost & maintenance burden (3) “Installation and maintenance costs… difficult to use widely.” 

Performance limitations (1) “Hard to distinguish detailed materials in recycling (PP, PS).” 

Safety rules Emergency stop & operation  
control (13) 

“Establish an emergency-stop system…,” “No manual intervention during 
operation.” 

Inspection & maintenance (9) “Regular inspections and repairs… preventing electrical accidents.” 

Safety zones & restricted access (7) “Set safety fences/sensor boundaries… restrict access.” 
Policy/training/certification (6) “Only qualified users… national-level inspection/authorization.” 

Security & data management (7) “Prevent viruses…,” “Update training data.” 

 

 

First, under perceived applicability, students most frequently described the robot arm in terms of 

classification, sorting, and organizing functions. They extended these functions to a variety of real-world 

contexts, including recycling, factory inspection, logistics, restaurant work, hazardous environments, and 

healthcare. The most frequent subtheme was classification and organizing (n=16), followed by automation in 

manufacturing/logistics/services (n=6), recycling and environment (n=5), hazardous or extreme environments 

(n=5), and healthcare and caregiving (n=4). These responses suggest that students were able to transfer the 

robot arm’s core logic to broader application domains.  
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Second, under expected benefits, students emphasized convenience, efficiency, safety, and 

improved quality of life. The most frequent subtheme was quality of life and convenience (n=12), followed 

by risk reduction and safety (n=9), efficiency and productivity (n=5), and cost and labor reduction (n=4). 

This pattern indicates that students perceived AI not merely as a technical tool, but as a means of improving 

working conditions and supporting everyday life.  

Third, under concerns and risks, students expressed awareness of both technical and social problems 

associated with AI applications. The most salient concerns were job displacement (n=6) and misuse, 

including weaponization or surveillance (n=6). Additional concerns included malfunction and harm (n=3), 

cost and maintenance burden (n=3), and performance limitations (n=1). These reflections indicate that 

students were not only enthusiastic about AI applications but also capable of identifying possible unintended 

consequences and real-world constraints.  

Fourth, under rules for safe and responsible use, students proposed multi-layered safety strategies 

that extended beyond immediate hardware precautions. The most frequent subtheme was emergency stop and 

operation control (n=13), followed by inspection and maintenance (n=9), safety zones and restricted access 

(n=7), security and data management (n=7), and policy/training/certification (n=6). Notably, some students 

suggested not only physical safeguards but also data/model management practices, such as updating training 

data and checking system accuracy. This suggests an emerging understanding that safe AI use depends on 

both mechanical protection and ongoing AI-system management.  

Overall, the qualitative findings support the quantitative results by showing that the intervention 

promoted not only more positive perceptions of AI but also more reflective reasoning about limitations, 

misuse, safety, and responsible governance. In particular, the qualitative themes help explain why the 

experimental group showed stronger gains than the comparison group, because students in the AI-integrated 

condition engaged not only in building and control but also in evaluating model behavior, anticipating 

failure, and proposing safeguards. Thus, the qualitative data strengthen the interpretation that the educational 

value of the intervention lay in embedding the full AI pipeline in a physical design task rather than in 

robotics activity alone. 

 

4.4.  Discussion 

The findings of this study suggest that embedding the full AI pipeline within a tangible engineering-

design task can meaningfully improve middle school students’ value of AI, efficacy of AI, and AI literacy. 

Compared with the comparison group, the experimental group showed significantly higher posttest outcomes 

across all measured variables after controlling for pretest scores, and the experimental group also showed 

significant pre–post gains whereas the comparison group did not. Taken together, these results indicate that 

the educational effect was not simply due to participation in a robotics activity itself, but rather to students’ 

engagement in core machine-learning processes such as data collection, labeling, model training, evaluation, 

revision, and deployment. This interpretation is consistent with AI literacy perspectives that emphasize 

understanding the relationships among data, models, and outputs rather than merely using AI tools at a 

surface level [6], [7], [9]. 

A key implication of the present findings is that the instructional unit helped move AI learning from 

an abstract, screen-based experience toward a more embodied and interpretable form of learning. By linking 

classification outputs to the visible motion of a robot arm, students could directly observe how data quality, 

class balance, labeling decisions, and model limitations influenced physical action. In this sense, the 

intervention made the relationships among data, model, and output more concrete and meaningful. This is 

important because recent reviews have pointed out that K–12 AI education often remains limited to 

conceptual introductions or tool use, with fewer opportunities for learners to iteratively build datasets, 

improve models, and interpret performance and limitations in context [10]–[12]. 

The gains in AI literacy are especially meaningful when interpreted in relation to existing 

conceptualizations of AI literacy. AI literacy should include not only conceptual understanding of AI, but 

also the ability to critically judge limitations, errors, and societal implications [6]. Similarly, Ng et al. [7] 

highlighted that AI literacy involves understanding, use, evaluation, and ethics as interconnected dimensions. 

The present instructional unit appears to support these dimensions by requiring students to train a model, 

interpret confidence levels, compare model versions, identify likely causes of failure, and propose mitigation 

strategies such as improving data quality or adding an “unknown/no-action” category. These practices go 

beyond isolated tool use and align with the argument that AI literacy should involve informed judgment 

about how AI systems function and where they may fail [6], [7], [9]. 

The increase in value of AI may be interpreted as reflecting a broader and more situated 

understanding of AI in social and everyday contexts. Students did not merely report that AI was useful in a 

general sense; they identified concrete applications in recycling, manufacturing, healthcare, logistics, and 

hazardous environments, while also recognizing concerns such as misuse, surveillance, and job displacement. 
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This pattern suggests that the instructional unit supported a more balanced view of AI as both useful and 

socially consequential. Such a result is compatible with prior scholarship arguing that AI ethics and social 

impact should not be treated as optional add-ons in K–12 AI education, but rather as integral parts of what 

students should learn when engaging with AI systems [15], [16]. 

The increase in efficacy of AI may be understood in light of repeated mastery experiences across the 

instructional sequence. Students assembled the robot arm, tested basic control, trained image-classification 

models, revised the models through data improvement, and finally applied the models to a functioning 

physical system. These repeated cycles of building, testing, revising, and applying likely strengthened 

students’ confidence that they could understand and work with AI-related tasks. This interpretation is also 

consistent with PBL literature emphasizing that students’ sense of competence develops when they engage in 

authentic, structured inquiry supported by appropriate scaffolding and aligned assessment [17]–[20]. 

The present findings also support the educational value of combining AI learning with robotics and 

physical computing. Educational robotics research has shown that robotics can positively influence 

motivation and achievement, but that its effectiveness depends heavily on task design, teacher support, and 

the role assigned to the robot in the learning process [21], [22]. In the present study, the robot was not used 

merely as a motivational device or a programmable artifact. Rather, it served as a physical interface through 

which students could externalize and evaluate AI decisions. This distinction appears important because the 

educational value of the unit lay not only in building the robot arm, but in making the consequences of AI 

outputs physically observable and therefore open to critique, reflection, and redesign [21], [22]. 

A particularly important contribution of the present study lies in its deliberate alignment of technical 

design with school reality. The choice of a 2-DOF structure was not merely a simplification for engineering 

convenience; rather, it was an instructional and implementation decision intended to reduce assembly 

difficulty, lower the burden of control logic, and make embodied AI activities more accessible to novice 

learners in ordinary middle-school classrooms. In addition, the USB single-cable design and power-

optimization strategy allowed the kit to operate without a separate external power supply, which is especially 

meaningful in school settings where older PCs, limited outlets, and constrained preparation time often make 

robotics activities difficult to implement at scale. From this perspective, the novelty of the present study lies 

not only in developing a low-cost robotic arm kit, but in designing a school-scalable embodied AI learning 

platform that is technically feasible under resource-constrained classroom conditions [23]–[25]. 

This practical contribution becomes clearer when viewed against the broader literature on physical 

computing and low-cost classroom technologies. Previous studies have suggested that microcontroller-based 

instruction and Arduino-centered learning can support programming, computational thinking, and STEM 

learning when activities are feasible, accessible, and aligned with classroom realities [23]–[25]. The present 

study extends this line of work by showing that low-cost physical computing can also serve as a platform for 

embodied AI learning in middle school technology education. In particular, the 2-DOF configuration and 

USB single-cable design appear to have lowered the technical burden of implementation while maintaining 

meaningful opportunities for students to examine model error, uncertainty, and physical misoperation. This 

suggests that low-cost design is not merely a practical constraint but also a pedagogical strength when it 

supports classroom manageability, interpretability, and broader dissemination of robotics and AI education in 

under-resourced school settings [23]–[25]. 

Another important contribution of the study lies in the integration of AI learning with responsible 

and governance-oriented reasoning. The qualitative results showed that students did not simply focus on 

successful classification or efficient automation; they also reflected on malfunction, surveillance, misuse, 

maintenance burden, emergency-stop systems, safety zones, inspection procedures, and data/model updating. 

This indicates that students were beginning to understand that safe AI use depends not only on hardware 

protection, but also on ongoing data and model management. Such findings are aligned with recent calls to 

embed socio-ethical reasoning directly into AI learning experiences and to support students in thinking about 

accountability, fairness, risk, and governance alongside technical functionality [5], [15], [16]. 

The present findings are also relevant to the Korean curricular context. As noted earlier, middle 

school AI education in Korea has often been implemented mainly within informatics and computing subjects, 

while opportunities for extended, hands-on AI application in technology education remain limited [28]. Even 

when physical computing is used, activities are often centered on rule-based programming rather than on the 

full AI pipeline. The present study therefore contributes to the field by showing that middle school 

technology education can provide an effective setting for embodied AI learning in which students engage 

with both engineering constraints and AI-system behavior. In this respect, the study complements earlier 

Korean work on robot-arm fabrication and control [29] and AI-based invention education [30] by offering a 

more integrated classroom model that links model outputs, physical actions, and responsible design 

considerations within one instructional sequence [28]–[30]. 

The qualitative findings further strengthen the interpretation of the quantitative results. Students 

identified four overarching themes—perceived applicability, expected benefits, concerns and risks, and rules 
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for safe and responsible use—and these themes help explain why the experimental group showed stronger 

gains than the comparison group. Students in the AI-integrated condition were not only assembling and 

controlling a robot arm, but also evaluating model behavior, anticipating failure, and proposing safeguards. 

This qualitative pattern supports the view that the unit promoted AI literacy beyond technical familiarity 

toward evaluative and responsibility-oriented reasoning. It also reinforces the claim that the educational value 

of the intervention lay in embedding the full AI pipeline within a constrained but meaningful physical design 

task rather than in robotics activity alone [6], [7], [15], [16]. 

Despite these strengths, several limitations should be acknowledged. First, the study was conducted 

in one school using four intact classes, and students were nested within class units. Although baseline 

equivalence was established and ANCOVA was used to control for pretest differences, the class-based 

structure means that independence assumptions may not have been fully satisfied. Second, the study 

examined short-term effects within an eight-lesson unit, and therefore the long-term durability of the 

observed gains remains unknown. Third, the quantitative outcomes relied primarily on self-report measures, 

and the dimensional structure of the instrument was not revalidated in the present sample. Fourth, although 

the qualitative analysis was strengthened by a clear analytic framework, future research should enhance 

trustworthiness further through double-coding, triangulation, or peer debriefing [10], [12], [31]. 

Overall, the present study has both theoretical and practical significance. Theoretically, it supports 

the view that embodied interaction with a physical system can deepen AI literacy by making the 

consequences of model performance visible, discussable, and revisable. Practically, it offers a feasible model 

for middle school technology education that combines low-cost robotics, project-based design activity, and 

responsible AI reflection under ordinary school conditions. Rather than claiming that robotics alone 

guarantees better AI learning, this study suggests that meaningful outcomes emerge when robotics is used to 

externalize the AI pipeline and when students are supported in examining both the possibilities and the 

limitations of AI systems through structured design, evaluation, and reflection [17], [18], [21], [22]. 

 

 

5. CONCLUSION 

This study developed a low-cost, classroom-ready 2-DOF robotic arm kit and an AI-integrated 

instructional unit for middle school technology education, and examined both its classroom feasibility and its 

educational effects. The findings suggest that the developed kit and accompanying materials were feasible 

and appropriate for implementation in an ordinary school setting. Expert review and pilot implementation 

observations indicated that the instructional package was manageable for middle school learners and suitable 

for supporting hands-on AI learning under typical classroom constraints. 

Participation in the unit improved students’ AI-related outcomes more effectively than conventional 

technology education. After controlling for pretest scores, the experimental group significantly outperformed 

the comparison group in value of AI, efficacy of AI, AI literacy, and total score. In addition, qualitative 

findings showed that students not only recognized the applicability and benefits of AI, but also reflected 

critically on risks such as malfunction, misuse, surveillance, job displacement, and the need for layered safety 

governance. These results suggest that AI learning becomes more educationally powerful when it moves 

beyond isolated coding or tool use and instead engages learners in the full cycle of data collection, model 

training, evaluation, revision, and real-world application. 

The study has both theoretical and practical significance. Theoretically, it shows how embodied 

interaction with a physical system can deepen AI literacy by making the consequences of model performance 

visible and discussable. Practically, it offers a school-implementable instructional model that combines low-

cost robotics, design-based activity, and responsible AI reflection in a way that is accessible to middle school 

classrooms. In particular, the constrained 2-DOF system appears to have provided an effective balance 

between simplicity, hands-on engagement, and meaningful exposure to AI-system limitations. Additionally, 

future research should examine the reproducibility of the intervention across more diverse schools and grade 

levels, test longer-term effects through delayed posttests, and employ performance-based rubrics and 

multilevel analytical approaches to provide stronger evidence of learning and transfer. 
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