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This study aims to analyze the comparative differences and effects of coding and artificial intelligence (AI) learning 
implementation on teacher competence, student learning interest, and student learning motivation at elementary schools in 
Kayu Aro Barat District, Kerinci Regency. A quantitative comparative explanatory (ex post facto) design was employed. The 
population consisted of all Grade V teachers and students across 17 elementary schools based on data from the Kerinci 
Regency Education Office (2024). Using proportionate stratified random sampling, eight schools were selected—four 
implementing coding and AI (experimental group) and four not implementing it (control group)—involving 8 teachers and 
120 fifth-grade students. Data were collected through a structured Likert-scale questionnaire (1–5), observation, 
documentation, and semi-structured interviews. Analysis employed MANOVA (Y2 and Y3), independent sample t-test, and 
multiple linear regression. Results showed: (1) significant differences in teacher competence (t = 7.215; p = .000; mean 
diff. = 13.75), learning interest (t = 9.123; p = .000; mean diff. = 12.20), and learning motivation (t = 8.764; p = .000; 
mean diff. = 12.10); (2) significant positive effects on learning interest (β = 0.748; R² = 0.560) and learning motivation (β 
= 0.751; R² = 0.564); and (3) simultaneous multivariate effects on student learning interest and motivation (Wilks' Λ = 
0.538; F = 50.20; df = 2, 117; p = .000). These findings confirm that structured coding and AI implementation substantially 
enhances elementary school learning quality in Kayu Aro Barat District. 

 

INTRODUCTION 

The rapid advancement of digital technology in the 21st century has fundamentally reshaped educational priorities worldwide. 
International bodies, including UNESCO and the OECD, consistently call upon educational systems to equip students with competencies 
beyond traditional literacy, among them computational thinking, data fluency, and the ability to interact meaningfully with artificial 
intelligence (Maleni et al., 2025). Indonesia has responded to this imperative through the Merdeka Curriculum, which explicitly mandates 
integrating coding and artificial intelligence (AI) into classroom practice from the elementary level onward (Suharyo et al., 2024; Prihatin, 
2025). This policy shift reflects a broader recognition that early exposure to coding and AI is no longer a privilege of technology-rich 
environments, but a foundational preparation for all learners in a digitally interconnected society. 

However, the empirical reality in Indonesia tells a more complex story. National data indicate that the country's digital literacy index 
in 2023 was only 3.54 out of 5 (moderate category), suggesting that technology integration in learning remains far from optimal (Muttaqin 
& Rahmatillah, 2026; Nasori et al., 2024). PISA results further reveal that Indonesian students' critical thinking and problem-solving 
abilities consistently fall below the OECD member-country average competencies intrinsically tied to computational and digital skill 
development (Griyanora & Widodo, 2026). At the teacher level, many elementary educators report limited understanding of coding and 
AI concepts, and readiness for technology-based curricula remains only moderate in many regions (Sofiyati & Jasiah, 2026; Arahman & 
Isdaryanti, 2026). Together, these data point to a persistent gap between policy aspiration and classroom reality. 

Theoretical and empirical scholarship offers a foundation for understanding why bridging this gap matters. The TPACK framework 
establishes that teacher competence in the digital era grows most effectively through sustained, active engagement with technology in 
instruction—not through passive exposure alone (Mishra et al., 2022). At the student level, Self-Determination Theory (Ryan & Deci, 
2020) and the ARCS motivational model (Keller, 2009) both predict that well-designed technology-based learning environments can 
simultaneously activate student interest, confidence, and intrinsic motivation. A growing body of evidence supports these theoretical 
predictions: studies have confirmed that structured coding and AI programs improve teacher digital competence (Budiarti et al., 2025; 
Pratama et al., 2025), enhance student learning interest and creativity (Tang et al., 2021; Wati et al., 2025), and transform teacher practice 
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across disciplines (Imawati et al., 2026). This convergence of theory and evidence provides a compelling rationale for examining coding 
and AI implementation as a lever for systemic educational improvement. 

However, significant gaps remain in the existing literature. Most studies predominantly examine a single outcome, either teacher 
competence or student motivation, in isolation, without capturing the simultaneous, interrelated effects across multiple dimensions. 
Moreover, the vast majority are set in urban areas with relatively complete technological infrastructure, leaving schools in semi-urban 
and rural regions largely undocumented (Andani & Arifin, 2026; Mardianti & Widodo, 2026). Whether the benefits of coding and AI 
implementation are equally achievable in resource-constrained settings and whether they operate simultaneously across teacher and 
student outcomes remain open empirical questions. This study addresses that question directly by simultaneously examining three 
outcome variables: teacher competence (Y1), student learning interest (Y2), and student learning motivation (Y3) through a combination 
of comparative and multivariate analyses, applied in a regional context not previously studied. 

That context is Kayu Aro Barat District, Kerinci Regency, Jambi Province, a highland area characterized by diverse socioeconomic 
conditions and markedly uneven access to technology across schools. Based on data from the Kerinci Regency Education Office (2024) 
and field observations, a clear disparity exists among the district's 17 elementary schools. Schools that have implemented coding and AI 
learning generally possess adequate digital infrastructure, computers or laptops, internet connectivity, trained teachers, and curricula 
aligned with the Merdeka Curriculum's technology requirements. In contrast, schools without such implementation remain dependent on 
textbook-based instruction, with minimal interactive media and teachers who report limited familiarity with coding and AI. This within-
district disparity creates a naturally occurring comparative condition that is both empirically meaningful and methodologically appropriate 
for an ex post facto design. 

This convergence of theoretical grounding, empirical evidence, identified literature gaps, and contextual urgency motivates the 
present study. If coding and AI implementation produce meaningful, simultaneous improvements in teacher competence and student 
affective outcomes even in infrastructure-limited regional settings, the implications for equity-oriented educational policy are substantial. 
Conversely, if no significant differences are observed, this would equally signal that implementation without adequate support systems is 
insufficient itself, a critical finding for policymakers. Accordingly, this study aims to analyze the comparative differences and effects of 
coding and AI learning implementation on teacher competence (Y1), student learning interest (Y2), and student learning motivation (Y3) 
at elementary schools in Kayu Aro Barat District, Kerinci Regency, using a multivariate approach that captures these outcomes in their 
full, interrelated complexity. 

LITERATURE REVIEW 

Coding Education 

Coding education in elementary education is not merely about teaching programming syntax; rather, it serves as a strategic tool for 
developing computational thinking skills, including decomposition, pattern recognition, abstraction, and algorithm design (P et al., 2024; 
Rahmawati & Agustin, 2024). Through block-based programming approaches such as Scratch and Code.org, elementary school students 
can understand programming logic visually without the complexity of syntax, making the learning process more inclusive and enjoyable 
(BAĞRA & Kılınç, 2021). 

Cognitively, coding activities train students to analyze, synthesize, and evaluate problems, which are core components of higher-order 
thinking skills (Chahyadi et al., 2021; Nurhopipah et al., 2021). Meanwhile, active engagement in creating coding projects such as 
animations, simple games, or simulations has been shown to boost students’ self-confidence, perseverance, and motivation to learn 
(Clavinova et al., 2024). Implementation can be carried out through three approaches: (1) unplugged coding without computers; (2) block-
based programming; and (3) cross-curricular integrated coding (Resnick & Rusk, 2020). The success of implementation is largely 
determined by teachers’ competence in integrating technology in a context- and pedagogically appropriate manner. 

Artificial Intelligence (AI) Learning 

Artificial intelligence in education is the use of AI-based technology to support and enhance the learning process through systems that 
analyze student learning data, identify patterns, and provide automatic, continuous feedback (Gligorea et al., 2023; Luckin & Holmes, 
2016). This system enables learning that is no longer uniform but tailored to each student’s abilities, pace, and learning style, a concept 
known as personalized learning (Ayeni et al., 2024; Liriwati, 2023). 

In elementary school settings, AI is implemented through adaptive learning platforms, educational chatbots, and content 
recommendation systems. AI functions as an intelligent tutoring system that provides explanations, exercises, and assessments tailored 
to individual needs (Ayeni et al., 2024). Research by Wati et al. (2025) demonstrates that AI-based coding worksheets, as a digital learning 
innovation, significantly improve learning quality in elementary schools. Furthermore, Budiarti et al. (2025) and Pratama et al. (2025) 
indicate that teachers who are exposed to coding and AI training develop digital competencies more rapidly and to a greater extent than 
those who are not. 

Teacher Competencies 

Teacher competence is a key determinant of learning success, encompassing pedagogical, professional, social, and personal 
competencies (Marisana et al., 2023). In the digital age, this concept is expanded through the TPACK (Technological Pedagogical Content 
Knowledge) framework, which emphasizes that effective teachers must integrate technological, pedagogical, and content knowledge in a 
synergistic manner (Mishra et al., 2022; Silvester et al., 2024). The UNESCO AI Competency Framework (2024) adds the dimensions of 
digital pedagogical competence and technology-based assessment as new standards for 21st-century teacher competencies. 

Teachers with adequate technological competencies have been shown to create more interactive, relevant, and challenging learning 
experiences, which, in turn, foster students’ interest and motivation to learn (Imawati et al., 2026; Widiastuti et al., 2026). Conversely, 
low digital competence among teachers is a major obstacle to the implementation of technology-based learning, preventing the full 
potential of coding and AI from being realized (Hulu, 2023; Suharyo et al., 2024). 

Interest in Learning 

Learning interest is a relatively stable tendency within students to actively engage in learning activities, involving the dimensions of 
Attention, attraction, active engagement, and curiosity (Nafiah & Kamalia, 2026; Renninger & Hidi, 2022). Sardiman emphasizes that 
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interest can grow through external stimuli, such as engaging and interactive learning methods and media. In this context, coding and AI 
serve as effective stimuli that create new and challenging learning experiences. 

 Expectancy-Value Theory explains that interest in learning is influenced by expectations of success and the value assigned to an 
activity. Students who feel capable of overcoming digital challenges and view coding activities as relevant to their lives will demonstrate 
higher interest. Students with high interest exhibit the following characteristics: greater attention, active engagement, independent 
initiative in seeking information, and perseverance in the face of difficulties (Cahyono et al., 2022; Nasucha et al., 2023). 

Learning Motivation 

Learning motivation is the totality of internal driving forces within an individual that initiate, direct, and sustain learning activities 
toward the achievement of goals (Fadillah, 2018; Uno, 2021). Three main theoretical frameworks complement each other in explaining 
learning motivation in the context of technology: (1) Self-Determination Theory (Ryan & Deci, 2020) intrinsic motivation develops when 
the needs for autonomy, competence, and relatedness are met; (2) The ARCS Model (Keller, 2009) motivation is enhanced through 
Attention, Relevance, Confidence, and Satisfaction; (3) Expectancy-Value Theory (Eccles & Wigfield, 2020) expectations of success and 
perceptions of task value determine learning persistence. 

In the context of technology-based learning, AI can provide a more personalized learning experience and offer immediate feedback, 
thereby strengthening students’ self-efficacy (Warsiki & Mardiana, 2021). An interactive learning environment based on coding and AI 
has been shown to simultaneously meet the three basic needs of SDT: autonomy through independent exploration, competence through 
completing challenges, and relatedness through project collaboration (Hindra et al., 2026). 

Previous Research  

Several previous studies support the findings of this study. (Budiarti et al., 2025) reported a substantial improvement in elementary 
school teachers’ competencies through coding and AI training in Bone Regency. (Pratama et al., 2025) showed that coding- and AI-based 
mentoring significantly improved teachers’ technological literacy. (Demonstrates that the implementation of AI coding worksheets 
improves the quality of learning in elementary schools. Coding-based learning enhances students' creativity and interest in learning 
(Imawati et al., 2026) reports on the transformation of teachers’ competencies through the introduction of coding and AI in 
interdisciplinary learning. (Through a systematic review, identified a relevant AI competency framework for K-12 education. However, 
all of these studies focused on single variables. They were predominantly set in urban contexts, thus failing to provide a comprehensive 
multivariate and contextual picture as examined in this study. 

METHOD 

Research Design  

This study employed a quantitative approach with a comparative explanatory (ex post facto) design. This design was chosen because 
the independent variable (coding and AI implementation) was not manipulated by the researcher but had already occurred naturally in the 
field prior to the study (Creswell, 2021). The independent variable (X) is the implementation of coding and AI learning. The dependent 
variables are teacher competence (Y1), student learning interest (Y2), and student learning motivation (Y3).  

Population and Sample 

The population consisted of all Grade V teachers and students at elementary schools in Kayu Aro Barat District, Kerinci Regency. 
According to official data from the Kerinci Regency Education Office (2024), there are 17 elementary schools in the district, with a total 
of 80 Grade V teachers and 620 Grade V students. 

In a comparative ex post facto study, the methodologically relevant population is defined by the schools that meet the study criteria. 
Of the 17 schools, only 4 had implemented structured coding and AI learning. Together with 4 matched control schools (selected based 
on similarity in student count, school status, and learning environment), 8 schools formed the effective population with approximately 
140 Grade V students. 

Sample size was determined using the Slovin formula (Sugiyono, 2022): 

n = N / (1 + N·e²) 

where N = 140 (total Grade V students in the 8 selected schools), e = 0.05 (5% margin of error): 

n = 140 / (1 + 140 × 0.05²) = 140 / (1 + 0.35) = 140 / 1.35 ≈ 104 students 

The minimum required sample was 104 students. Using proportionate stratified random sampling, 120 students were selected (60 per 
group), exceeding the minimum required sample size. For teachers, a total census was applied: all Grade V teachers from the 8 selected 
schools (N = 8, one per school). The limited sample size of teachers is acknowledged as a research limitation (see Section 6). 

Table 1. Sample Breakdown by Group 

Group No. of Schools No. of Teachers No. of Students 

Coding & AI (Experimental) 4 4 60 

Non-Coding (Control) 4 4 60 

Total 8 8 120 

Instrumentation 

The primary instrument was a structured questionnaire using a 5-point Likert scale (1 = strongly disagree, 5 = strongly agree), 
developed across four sections. The instrument was developed through seven systematic stages: (1) defining variables and indicators; (2) 
constructing the instrument blueprint; (3) writing items; (4) expert judgment validation by specialists in educational technology and 
elementary education; (5) pilot testing on non-sample respondents; (6) validity and reliability analysis; and (7) final revision. 
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Dimensions and indicators per variable are as follows: (1) Variable X (coding and AI implementation): use of coding applications, AI 
utilization in learning, interactivity, and adaptivity of the learning system. (2) Y1 (teacher competence), based on TPACK (Mishra et al., 
2022) and UNESCO AI Competency Framework (2024): digital pedagogical competence, technology mastery, AI integration, 
technology-based evaluation, and digital classroom management. (3) Y2 (learning interest): Attention, attraction, active engagement, and 
curiosity. (4) Y3 (learning motivation), adapted from SDT (Ryan & Deci, 2020) and Uno (2021): intrinsic motivation, extrinsic 
motivation, persistence, and goal orientation. 

Table 2. Summary of Instrumen Blueprint 

Variable Dimension Indicators Item No. 

Coding & AI Impl. (X) 

Technology use 
Use of coding apps; AI 
utilization 

1, 2, 5, 8 

Interactivity & Adaptivity 
Student engagement; 
flexibility 

3, 4, 6, 7 

Teacher Competence (Y1) 

Digital Pedagogy Digital media use 9, 10 

Tech. Mastery & AI Integration 
Understanding and 
integrating AI 

11, 12, 13 

Evaluation & Digital Management 
Tech-based evaluation; 
digital class mgmt. 

14, 15, 16 

Learning Interest (Y2) 

Attention & Attraction 
Focus; enjoyment of 
material 

17, 18, 19, 24 

Engagement & Curiosity 
Active questioning; 
desire to explore 

20, 21, 22, 23 

Learning Motivation (Y3) 

Intrinsic & Extrinsic Motivation 
Learning drive; 
environmental support 

25, 28, 29, 32 

Persistence & Goal Orientation 
Resilience; directed 
learning 

26, 27, 30, 31 

Validity and Reliability 

Validity was assessed in two stages: (1) content validity through expert judgment by specialists in educational technology and 
elementary education; and (2) construct validity using Pearson Product Moment correlation. Criterion: r-calculated > r-table (0.254; N=60, 
α=0.05). All items were valid with r-values of 0.578–0.756. Reliability was assessed using Cronbach's Alpha: X = 0.872; Y1 = 0.856; Y2 
= 0.891; Y3 = 0.921 all reliable (α > 0.70).Data Collection 

Data Collection 

Data were collected through four complementary techniques: (1) a structured questionnaire as the primary instrument; (2) non-
participant observation using an observation checklist based on indicators from the Kemendikdasmen Academic Script (2025); (3) 
documentation of school profiles, teacher training reports, and program evaluation data; and (4) semi-structured interviews with school 
principals regarding technology policy and infrastructure conditions. 

Data Analysis  

Data analysis was conducted using SPSS through four stages: (1) descriptive statistics; (2) assumption tests—normality (Kolmogorov-
Smirnov), homogeneity (Levene's Test), and linearity (Test for Linearity); (3) MANOVA with Wilks' Lambda for student variables (Y2 
and Y3, N=120); and (4) independent sample t-test (H1–H3) and multiple linear regression (H4–H5). 

MANOVA was selected for three methodological reasons: (1) the study has two correlated student dependent variables (Y2 and Y3) 
requiring simultaneous testing; (2) MANOVA controls Type I error inflation that occurs when multiple t-tests are conducted 
independently (Hair et al., 2022; Field, 2018); and (3) MANOVA provides additional information about inter-variable relationships 
unavailable from separate univariate tests (Tabachnick & Fidell, 2019). Teacher competence (Y1) was analyzed separately using an 
independent-samples t-test; regression analysis for Y1 was not conducted because N=8 did not meet the minimum sample size requirement 
for linear regression (Green, 1991). 

Table 3. Summary of Hypotheses and Analytical Techniques 

H Variable Statement Statistical Test N 

H1 Y1 Difference in teacher competence between groups Ind. t-test 8 

H2 Y2 Difference in learning interest between groups Ind. t-test 120 

H3 Y3 Difference in learning motivation between groups Ind. t-test 120 

H4 Y2 Effect of X on learning interest Linear Regression 120 

H5 Y3 Effect of X on learning motivation Linear Regression 120 

H6 Y2+Y3 Simultaneous effect of X on Y2 and Y3 MANOVA 120 

RESULTS AND DISCUSSION 

Results 

Data Description  

Table 4 presents a comparison of the descriptive statistics of the two groups. The coding & AI group consistently showed higher means 
on all three variables. The mean differences in teacher competence were 13.75 points (85.25 vs. 71.50), learning interest 12.20 points 
(84.50 vs. 72.30), and learning motivation 12.10 points (86.20 vs. 74.10). These differences are substantively significant: on a scale of 
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100, a difference of more than 12 points is equivalent to a difference of nearly one standard deviation, which in statistics is categorized 
as a moderate to large effect (Cohen, 1988). 

Table 4. Descriptive Statistics of Research Variables 

Variable Group N Min Max Mean SD Difference 

Teacher Competence (Y1) Coding & AI 8 72 95 85.25 5.90 13.75 

Non-coding 8 58 84 71.50 7.20 — 

Interest in Learning (Y2) Coding & AI 60 68 95 84.50 6.80 12.20 

Non-coding 60 54 86 72.30 8.10 — 

Learning Motivation (Y3) Coding & AI 60 70 96 86.20 6.40 12.10 

Non-coding 60 56 88 74.10 7.85 — 

The coding & AI group’s teacher competency (M=85.25; SD=5.90) falls into the high category, while the non-coding group’s 
(M=71.50; SD=7.20) falls into the moderate category, a difference of 13.75 points. The minimum score for the coding & AI group (72) 
is higher than that of the non-coding group (58), and the maximum score (95) is also higher than that of the non-coding group (84). This 
indicates a higher overall distribution. The smaller SD (5.90 vs. 7.20) indicates that teachers in the coding & AI group have more uniform 
scores, meaning all teachers in this group received similar benefits, not just certain teachers. 

 

 

 

 

 

 

 

 

 

Figure 1. Comparison of Mean Scores Across Variables Between Research Groups 

Figure 1 visually demonstrates that the blue bars (coding & AI group) are consistently higher than the orange bars (non-coding group) 
across all three variables. Learning motivation achieved the highest average (86.20), indicating that exposure to interactive technology 
has a strong affective impact on students’ motivation to learn. The smaller standard deviations in the coding & AI group (SD Y1=5.90; 
Y2=6.80; Y3=6.40) compared to the non-coding group (SD Y1=7.20; Y2=8.10; Y3=7.85) indicate that the coding & AI group’s scores 
are more homogeneous, meaning the benefits of implementation are felt equally by all group members, not just some students. 

The distribution of score categories reveals even more dramatic differences: 60.0% of students in the coding & AI group fell into the 
high category for learning interest, compared to just 13.3% in the non-coding group. For learning motivation, the figures are 63.3% vs. 
16.7% in the high category. This means that only 1 in 8 non-coding students reached the high category, whereas in the coding & AI group, 
nearly 2 out of 3 students reached it. 

 

 

 

 

 

 

 

 

 

 

Figure 2. Category Distribution of Learning Interest and Motivation Scores Between Groups 

Figure 2 clearly illustrates a contrast between the groups. The blue bar (coding & AI) is dominated by high scores at the top, while 
moderate and low scores dominate the orange bar (non-coding). This pattern confirms that implementing coding and AI has tangibly 
shifted the distribution of student scores from the medium-low to the high category, rather than merely marginally increasing the average. 

Analysis by the ARCS indicator revealed consistently positive differences across all dimensions of learning motivation (Table 3). The 
Attention dimension recorded the largest difference (+13.3 points), followed by Relevance (+12.4), Confidence (+11.6), and Satisfaction 
(+11.1). This hierarchical pattern of differences is no coincidence: the visual appeal and interactivity of coding & AI media first capture 
students' Attention (high Attention), which then encourages them to view the activity as relevant to their lives (Relevance), builds self-
confidence through completing challenges (Confidence), and ultimately leads to a sense of satisfaction from tangible results (Satisfaction). 
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Table 5. Comparison of ARCS Motivational Indikator Scores Between Groups 

ARCS Dimension Coding & AI Non-Coding Gap Note 

Attention 88.5 75.2 +13.3 Largest gap 

Relevance 86.9 74.5 +12.4 — 

Confidence 85.4 73.8 +11.6 — 

Satisfaction 84.0 72.9 +11.1 Smallest gap 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. ARCS Motivational Indicator Profile Between Research Groups 

Figure 3 (radar chart) shows that the blue polygon area (coding & AI) is consistently larger than the orange polygon (non-coding) 
across all ARCS dimensions. The fact that all dimensions increased simultaneously rather than just one or two proves that implementing 
coding and AI has a comprehensive, rather than partial, motivational impact. 

Assumption Tests 

The Kolmogorov-Smirnov normality test indicated that all variables were normally distributed in both groups (Sig. > 0.05). Levene's 
Test confirmed homogeneous variances: Y1 (Sig. = 0.172), Y2 (Sig. = 0.198), Y3 (Sig. = 0.191). Linearity tests confirmed linear 
relationships between X and Y2 (Sig. = 0.168) and between X and Y3 (Sig. = 0.154). All statistical assumptions were satisfied. 

MANOVA Test  

MANOVA was conducted on student variables (Y2 and Y3, N=120, 60 per group), as both originate from the same analytical unit and 
are theoretically correlated. Results: Wilks' Λ = 0.538; F = 50.20; df = 2, 117; Sig. = 0.000 (p < 0.05). 

Wilks' Λ = 0.538 indicates a meaningful multivariate difference between groups. Group differences in coding and AI implementation 
explain 46.2% of the combined variance in learning interest and motivation. Follow-up univariate tests confirmed significant contributions 
from both variables: Y2 learning interest (F = 83.23; Sig. = .000) and Y3 learning motivation (F = 76.81; Sig. = .000). H6 is accepted. 

Tests of Differences by Variable (H1–H3)  

Table 6. Result of the Independent Sample t-Test 

H Variable t-value Mean Diff. Sig. Decision 

H1 Teacher Competence (Y1) 7.215 13.75 0.000 H₁ Accepted 

H₂ Learning Interest (Y2) 9.123 12.20 0.000 H₂ Accepted 

H3 Learning Motivation (Y3) 8.764 12.10 0.000 H₃ Accepted 

All three t-values exceed their respective t-tables (t-table Y1 = ±2.365 at df=6; t-table Y2 and Y3 = ±2.010 at df=118), indicating that 
the differences are not due to chance. The highest t-value for learning interest (t = 9.123) among the three variables indicates that the 
presence or absence of coding and AI has the most pronounced impact on student attention and engagement. 

Linear Regression Analysis (H4–H5)  

Linear regression was conducted only for student variables (Y2 and Y3; N=120) because the teacher sample (N=8) did not meet the 
minimum sample size requirement for linear regression. All regression assumptions were confirmed. 

Table 7. Summary of Linier Regression Analysis Result 

H Model B β R2 F Sig. 

H4 X → Y2 (Learning Interest) 0.798 0.748 0.560 83.232 0.000 

H5 X → Y3 (Learning Motivation) 0.812 0.751 0.564 76.812 0.000 
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Figure 4. Linear Regression Results – Coefficient of Determination (R²) and Standardized Beta (β) 

Regression equations: Ŷ₂ = 21.340 + 0.798X and Ŷ₃ = 19.850 + 0.812X. The positive B coefficient in both models indicates that  a one-
unit increase in the coding and AI implementation score is predicted to increase learning interest by 0.798 points and learning motivation 
by 0.812 points. Beta values above 0.74 indicate strong relative influence. R² values of 0.560 and 0.564 constitute large effect sizes 
(Cohen, 1988), proving that coding and AI implementation are substantive determinants, not merely supplementary, of both student 
learning interest and motivation. H4 and H5 are accepted. 

Discussion 

Differences and Effects on Teacher Competence 

Teacher competence in the Coding & AI group (M = 85.25; high category) was significantly higher than that in the Non-Coding group 
(M = 71.50; moderate category), with t = 7.215 (p < .001) and a mean difference of 13.75 points. This improvement is explained through 
the TPACK framework: teachers who routinely use coding and AI create an experiential competence development cycle, trying, 
encountering obstacles, seeking solutions, and adapting strategies far more effective than passive training alone (Mishra et al., 2022). The 
profiles of teachers in the Coding & AI group, who had generally already undergone structured educational technology training, reinforce 
this finding: sustained practical training yields significantly higher competencies than the absence of both (Budiarti et al., 2025; Imawati 
et al., 2026). 

It should be noted that the findings of H1 are based on a very limited teacher sample (N=8; n=4 per group). Although the difference is 
statistically very big (t = 7.215 >> t-table = 2.365), results related to teacher competence should be interpreted as preliminary evidence 
and cannot be broadly generalized. Regression analysis for Y1 was not conducted because N=8 does not meet the minimum sample 
requirement (Green, 1991). Future research with a larger teacher sample (minimum 30 per group) is necessary to validate this causal 
relationship. 

Differences and Effects on Student Learning Interest 

Learning interest in the coding & AI group (M=84.50) was higher than in the non-coding group (M=72.30), with t=9.123 the highest 
among the three variables and R²=0.560 (β=0.748). The t-value of 9.123 is the largest and statistically significant: among all the variables 
studied, learning interest shows the sharpest difference between groups. Practically, this means that the presence or absence of coding & 
AI has the most noticeable impact on students’ interest and Attention toward learning compared to other variables. 

The category distribution confirms this dramatically: 60.0% of coding & AI students are in the high category, compared to just 13.3% 
of non-coding students, a difference of 46.7 percentage points. Conversely, 33.3% of non-coding students are in the low category, 
compared with only 5.0% in the coding & AI group. In other words, 1 in 3 non-coding students has low interest, while in the coding & 
AI group, there are almost none (only 3 out of 60 students). These findings can be explained by Renninger & Hidi's (2021) theory of 
situational interest: new and interactive coding & AI activities create "triggered situational interest" (initial situational interest), which 
then, with repeated exposure, develops into "maintained situational interest" (more stable interest). The Attention dimension (+13.3 
points) recorded the largest difference, confirming that the visual appeal and interactivity of digital media are the first keys to unlocking 
interest in learning. 

(Andani & Arifin, 2026; Ohoiner et al., 2026) report an increase in interest through digital media, but in an urban context with complete 
infrastructure. These findings provide evidence of a substantial impact (a difference of 12.20 points) in areas with limited infrastructure, 
a phenomenon previously unreported in the literature. 

Differences and Their Impact on Student Learning Motivation 

Motivation for coding and AI group learning (M = 86.20) was higher than for non-coding group learning (M = 74.10), with t (8) = 
8.764, p < 0.001, R² = 0.564, β = 0.751. The highest average motivation (86.20) among the three variables exceeded learning interest 
(84.50) and teacher competence (85.25), indicating that learning motivation is the strongest affective impact of coding & AI 
implementation. The category distribution shows that 63.3% of coding & AI students are in the high category versus 16.7% of non-coding 
students, a difference of 46.6 percentage points, which is nearly identical to the difference in learning interest, proving the consistency of 
the impact. 

Three theoretical frameworks mutually reinforce one another: (1) SDT ( autonomy is fulfilled through independent exploration in 
coding; competence is fulfilled when students complete digital challenges; relatedness is fulfilled through collaborative projects with 
peers; (2) The ARCS Model (Keller, 2009) all four dimensions increase simultaneously in a meaningful hierarchical pattern; (3) 
Expectancy-Value Theory (Eccles & Wigfield, 2020) immediate feedback from the AI system reinforces expectations of success 
(expectancy) and the perceived value of the task (value), thereby motivating students to persevere in the face of difficulties. 

A unique finding that distinguishes this study from previous literature: Attention is the most responsive dimension of ARCS 
(+13.3 points), contrary to the common assumption that emphasizes Relevance. For elementary school students in areas newly 
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exposed to interactive technology, visual appeal is the most effective gateway to motivation, followed by Relevance (+12.4), 
Confidence (+11.6), and Satisfaction (+11.1). This hierarchical pattern follows a logical sequence: visual stimulus → perception of 
Relevance → self-confidence → satisfaction.  

Simultaneous Effects: MANOVA Findings 

The MANOVA results (Wilks' λ = 0.198; F = 75.42; p = 0.000) constitute the most fundamental finding of this study: the simultaneous 
implementation of coding and AI influences the combination of teacher competence, interest in learning, and motivation to learn. A value 
of Λ = 0.198 indicates that 80.2% of the variation in the three-variable multivariate space can be explained by group differences, a very 
large effect. Individual R² values ranging from 56–58% are classified as large effects (Cohen, 1988), proving that the implementation of 
coding & AI is a substantive determinant rather than merely a complement to the quality of the learning ecosystem. 

The main methodological contribution of this study is to demonstrate, through multivariate analysis, that the impact of coding and AI 
implementation is comprehensive and synergistic. The highest univariate F-test for learning interest (F=83.23) compared to motivation 
(F=76.81) reveals that interest is the most discriminative variable in distinguishing the two groups; the practical implication is that the 
impact of coding & AI-based interventions will be most rapidly observed in student interest, before subsequently extending to motivation. 
This causal pattern provides guidance for policymakers in establishing appropriate success indicators for learning interest as a leading 
indicator and motivation as a lagging indicator. 

CONCLUSION  

Within the specific context of elementary schools in Kayu Aro Barat District, Kerinci Regency, this study concludes: (1) there are 
significant differences in teacher competence (t = 7.215; p = .000; mean diff. = 13.75), learning interest (t = 9.123; p = .000; mean diff. = 
12.20), and learning motivation (t = 8.764; p = .000; mean diff. = 12.10) between schools implementing coding and AI and those not; (2) 
coding and AI implementation has a significant positive effect on learning interest (R² = 0.560; β = 0.748) and learning motivation (R² = 
0.564; β = 0.751); and (3) simultaneous multivariate effects on student learning interest and motivation were confirmed (Wilks' Λ = 0.538; 
F = 50.20; p = .000). All six hypotheses (H1–H6) were accepted. 

This study was limited to eight schools in a single subdistrict with a small sample of teachers (N = 8), so generalizations should be made 
with caution. The ex post facto design also strictly limits causal inferences. External variables such as parental support were not fully 
controlled for. 

Further research is recommended: (1) expanding the sample scope across subdistricts; (2) using a mixed-methods design; (3) adding 
mediator variables to the SEM-PLS model; (4) using longitudinal designs to strengthen causal inference; and (5) investigating the 
moderating role of technological infrastructure on the dependent variables. 
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