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 Occupational health and safety (OHS) education in vocational high schools 

requires higher-order thinking skills (HOTS), yet formative assessment is often 

limited by delayed teacher feedback. This study examined whether generative 

AI-supported formative assessment using ChatGPT and Gemini improved 

HOTS and learning motivation compared with conventional teacher-led 

assessment, and explored the relationship between perceptions of AI-assisted 

assessment, motivation, and HOTS. A posttest-only nonequivalent control 

group quasi-experimental design involved 60 Grade X Machining Engineering 

students at SMK Negeri 1 Padang, divided into two intact classes of 30 students 

each. HOTS was measured using a 20-item reasoned multiple-choice test 

covering Bloom’s cognitive levels C4–C6, while motivation and perceptions of 

AI-assisted assessment were measured using validated questionnaires. 

Independent-samples t-tests were used for the primary analysis, followed by 

exploratory partial least squares structural equation modelling (PLS-SEM) in the 

experimental group. No significant differences were found between the AI-

assisted and conventional assessment groups in HOTS scores (81.73 vs. 80.87, 

p = .417, d = 0.21) or motivation (54.03 vs. 54.83, p = .497, d = −0.18). Within 

the experimental group, perceptions of AI-assisted assessment were positively 

associated with motivation (β = 0.743, p < .001), and motivation was positively 

associated with HOTS (β = 0.476, p = .023). Although the indirect effect was 

statistically significant (β = 0.354, p = .042), its bias-corrected confidence 

interval included zero, making the mediation evidence inconclusive. These 

findings do not demonstrate that AI-assisted formative assessment improves 

HOTS or motivation beyond conventional teacher feedback. However, the 

observed motivational relationships warrant further investigation using larger 

samples, baseline measurements, and longer interventions. 
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Introduction 

Graduates who come from vocational high schools (Sekolah Menengah Kejuruan, SMK) are not only expected 
to have basic knowledge of safety procedures, but also be able to hazard a guess on the occurrence of hazards 

and potential risks as well as formulate the right preventive measures for genuine work situations. Mastery of 

occupational health and safety (OHS) concepts has been argued to support the workplace performance of 
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prospective vocational graduates (Widyawati, 2020), and OHS literacy has been shown to predict the practical-
work discipline of SMK students (Pratama & Sugiarto, 2025). Taken together, these studies point to an 

association, rather than an established causal link, between OHS mastery and safe, disciplined practice: students 

need not only to recall safety rules but also to analyze hazards, evaluate risks, and design preventive measures. 

Such abilities align with the top tiers of the revised Bloom's taxonomy, i.e. analyzing (C4), evaluating (C5), and 

creating (C6) (Krathwohl, 2002; Nafiati, 2021), which are usually called HOTS or higher-order thinking skills. 

Creating assessment tools that really assess HOTS (Higher Order Thinking Skills) continues to be a difficult 

task for teachers in practice (Adaby et al., 2026; Sari et al., 2024). Locally, informal interviews with OHS 
teachers at SMK Negeri 1 Padang indicated that feedback on exercises was still given manually and therefore 

slowly, and that student participation was low. School records also showed that the average OHS score fell from 

73 to 63 and 67 across the 2023/2024–2025/2026 academic years. These scores came from teacher-made end-

of-semester tests that were not designed to measure C4–C6 skills and whose validity and reliability were not 
documented; they therefore cannot be read as evidence of a specific HOTS deficit and are reported only as 

contextual information. The rationale of this study rests instead on the documented difficulty of assessing HOTS 

(Adaby et al., 2026; Sari et al., 2024) and on the well-established limits of delayed feedback described below, 
which together indicate that both the quality of assessment and students' engagement with this subject need to 

be improved. 

The formative assessments can be described as the method of assessments that occur during the learning 

stage mainly to provide feedback for learners to improve. This method has been known to be a source of 
improvement in learning achievements since Black and Wiliam (1998) pointed out that these assessments can 

contribute to learners' progress. In the context of vocational education, giving active feedback through formative 

assessments has led to a greater student performance (Waskito et al., 2022). Nevertheless, the biggest limitation 
is the large number of students that teachers have per day so time is extremely limited for them to give 

individualized feedback in a timely manner. 

Formative assessment was chosen as the point of intervention, rather than curriculum redesign or teacher 

professional development, for three reasons. First, the local problem concerns the speed and frequency of 
feedback, which is precisely what formative assessment targets; curriculum redesign and teacher training address 

content and pedagogy but do not by themselves shorten the feedback cycle. Second, feedback is among the most 

powerful influences on achievement, and its effect depends on whether it addresses the task, the process, or self-
regulation (Hattie & Timperley, 2007); good feedback practice also supports the self-regulated learning that 

analyzing, evaluating, and creating require (Nicol & Macfarlane-Dick, 2006). Third, formative assessment with 

active feedback has already improved achievement in vocational learning (Waskito et al., 2022) and can be 

implemented within the existing OHS schedule, whereas curricular and training reforms operate over much 
longer cycles. The open question is therefore not whether feedback matters, but whether automated AI feedback 

adds value over good teacher feedback when teacher time is limited. 

Gen AI (ChatGPT, Gemini etc.) is the future as it can assist teachers in creating assessments (Hanis & 
Wahyudin, 2024), deliver automated feedback to students along with the personalized learning features 

(Hidayati, 2025; Hukom, 2025), change the level of difficulty according to the students' level in the practice 

exercises (Hanazahra et al., 2025). A literature review on how to apply AI in education listed the merits as well 

as the demerits of using AI (Garzón et al., 2025). On the other side of the discussion, the impact of AI on learner 
achievement via blended learning was found at a medium level (g = 0.5) which means that the result depends 

on the method of the research, the duration of the teaching intervention, and the size of the sample (Wu et al., 

2025). We should be careful if a student gets the AI answers without being challenged to think critically as the 
habit of expecting an instant solution might not only demotivate one's effort but also reduce one's ability to 

reason out effectively (Rahmawati, 2025). 

It is no surprise that learning motivation is among the mechanisms most often proposed to explain the 

potential effects of AI-based feedback. Learning motivation is a very important factor in understanding why 
students are willing to learn. One of the prominent motivational theories is expectancy-value theory (Eccles & 

Wigfield, 2002). It states that how much effort and persistence learners spend on a learning activity depend upon 

what they see as the chances of being successful and how much the activity is valuable to them. Another major 
theoretical framework is ARCS which identifies four components of a learning motive: attention, relevance, 

confidence, and satisfaction (Keller, 1987). Several empirical investigations have suggested that, for instance, 

chatbots provide students with feedback that is very helpful and, therefore, very motivational. One piece of 

research even showed the same effect, a rise of motivation (Fidan & Gencel, 2022; Yin et al., 2024). It was 
concluded from the results that such an effect (a motivational change) was a common one for general motivation 

(Aldahlaki, 2026; Hapsari et al., 2024; Keong, 2025; Larasati et al., 2026; Wahyu et al., 2024). Results of Ji et 

al. (2024) highlight a very crucial issue: continuous learning motivation through AI-based performance 
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assessment was mediated by perception, expectation confirmation, satisfaction, and perceived usefulness. No 
direct impact was found on motivational aspects. As the last link in the chain of learning, motivation is closely 

related to study outcomes at the vocational level (Cao et al., 2025); however, the degree of correlation depends 

on the motive being examined (An et al., 2025). 

To the best of the authors' knowledge, evidence linking AI-assisted formative assessment, learning 
motivation, and HOTS outcomes in OHS learning at the SMK level is scarce. Most studies on AI and motivation 

involve university students or are literature reviews (Hapsari et al., 2024; Keong, 2025), and studies that combine 

a treatment–control comparison with a model of the underlying mechanism are rare. This study addresses that 
gap with Grade X Machining Engineering students, using HOTS at levels C4–C6 as the outcome. Its primary 

question is confirmatory: does AI-assisted formative assessment yield higher HOTS and motivation than 

conventional teacher-led formative assessment? Its secondary question is exploratory: among students who 

received AI feedback, do perceptions of that feedback relate to HOTS through motivation? Because the primary 
comparison yielded null results, the study is reported as a null-result study whose contribution lies in estimating 

the size of the effect against a strong comparison condition and in proposing a testable hypothesis about the 

motivational mechanism. 

The purpose of this study was to test the following five hypotheses: 

H1: Students’ perceptions of AI-assisted formative assessment positively affect learning motivation; 

H2: Learning motivation positively affects HOTS outcomes in OHS learning; 

H3: Perceptions of AI-assisted formative assessment directly affect HOTS outcomes; 

H4: Learning motivation mediates the relationship between perceptions of AI-assisted formative assessment and HOTS 

outcomes; and 

H5: HOTS outcomes (primary outcome) and learning motivation (secondary outcome) differ between students who receive 

AI-assisted formative assessment (experimental group) and students who receive conventional formative assessment 

(control group). 

 

Method 

Research Design 

This study used a quantitative approach with a posttest-only nonequivalent control group quasi-experimental 

design (experimental group: AI-assisted formative assessment → posttest; control group: conventional formative 

assessment → posttest). The between-group comparison of posttest HOTS and motivation (H5) was the primary, 

confirmatory analysis. A partial least squares structural equation modeling (PLS-SEM) analysis of the 
experimental group only (H1–H4) was a secondary, exploratory analysis of the mechanism, because perceptions 

of AI-assisted assessment could be measured only among students who used AI. No pretest was administered: 

the students were in their first semester of Grade X, so no OHS report-card grades existed that could serve as a 

baseline. Because the classes were intact and no baseline measure was available, the two groups cannot be 
assumed to have been equivalent at the start. The design is therefore treated as a nonequivalent-groups design, 

the between-group comparison is interpreted as a comparison of posttest levels rather than as an estimate of a 

causal effect, and selection bias is discussed as a key limitation. 

Participants 

The population comprised all Grade X Machining Engineering students at SMK Negeri 1 Padang enrolled in 
the OHS subject. Two intact classes whose curriculum content and OHS schedules matched were selected; this 

constitutes convenience sampling of intact classes rather than purposive or random sampling. Which class served 

as the experimental group and which as the control group was determined by school policy, not by random 
assignment. Each class had 30 students (N = 60), a number fixed by class size rather than by an a priori power 

calculation. A sensitivity power analysis in G*Power (Faul et al., 2007; two-tailed independent-samples t-test, α 

= .05, power = .80, n = 30 per group) showed that the design could detect only effects of d ≥ 0.74; detecting a 

medium effect (d = 0.50) would require 64 students per group. For the PLS-SEM analysis (n = 30), the inverse 

square root method (Kock & Hadaya, 2018) indicates a minimum of about 28 cases for a path coefficient of 
0.476 but about 50 cases for an indirect effect of 0.354, so the mediation estimates are underpowered. The 

research activities were conducted according to the school's November 2026 timetable. 

Treatment 

Both groups studied the same OHS (Occupational Health and Safety) content, covering the 5R work culture and 
work ethics in industry, hazard identification at the workplace, safe work practices, and emergency procedures, 

with the same learning indicators and time allocation. The intervention consisted of four sessions over two 
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weeks. Both groups worked on the same ten teacher-developed HOTS exercises; the groups differed only in how 
feedback on those exercises was produced: its source (generative AI checked by the teacher vs. the teacher alone), 

its speed (immediate and on request vs. after the group discussion), and its personalization (only the 

experimental group could request additional items or explanations tailored to their errors). 

Both groups did ten exercises together in small groups of three students. Each group talked and solved the 
exercises without opening the books or phones they had. The only distinction between the groups was the source 

from which feedback was obtained. The experimental group students relied on ChatGPT or Gemini to verify 

their answers. To students it was given prompt guide with basic regulations: writing own answers and reasoning 
first and not asking for answers directly. In addition to the prompt guide, student were provided with 5 prompt 

templates, for example, asking for the check their reasoning, get the explanation of incorrect answer request for 

one or more additional items and the evaluation of all 10 answers at a time. AI feedback usually started by 

indicating if the answer was right or wrong; it identified which part was wrong and explained the correct answer 
as well as the why if needed. It provided the students a set of templates to make the AI give hints or some 

directing questions before the student got the answer. Through the process students had to rely on each other 

for their thoughts on solving the problem, while the AI just gave their thoughts back on what their discussion 
could be, not the answer itself. The teacher was in charge of checking the AI's answer, and giving corrections 

whenever a student's understanding was wrong or might lead to a confusion.  

In the control group, the teacher gave feedback to the students through a talk and explanation of the right 

answers, without the involvement of AI. When the study period was over, both groups took the same HOTS 

posttest and filled out the learning motivation questionnaire. 

Instruments 

Three main instruments were used. First, the HOTS test (Y) was a 20-item reasoned multiple-choice test at levels 

C4, C5, and C6. This was a posttest administered to both groups. Each item gave a score of 0 to 4 depending on 
the chosen answer's correctness and the quality of reasoning (overall maximum = 80), and the score after 

processing was determined by the formula of (score ÷ 80). x 100. The degree of content validity was determined 

based on expert judgment and through analyzing using Aiken's V coefficient. [Authors to insert: number of 

expert judges, range of Aiken's V values, and the internal-consistency reliability coefficient of the HOTS test 

(e.g., Cronbach's α or KR-20).] 

Second, the learning motivation questionnaire (Z) contained 18 four-point Likertscale items based on the 

ARCS theory and also the intrinsic extrinsic dimensions of motivation, covering six factors (intrinsic motivation, 

extrinsic motivation, attention, effort, persistence, and engagement) with 3 items each; 12 items had a positive 
meaning and 6 negative meaning. Members of the control group and the treatment group filled out this survey 

post-intervention. Third, the instrument on perceived use of AI-assisted formative assessment (X) included 15 

fourpoint Likert-scale items grouped under five categories (feedback speed and quality, item personalization, 

depth of answer evaluation, ability to difficulty level adaptation, and platform usage ease), with 10 positive and 
5 negative items. This questionnaire was administered by the experimental group alone after the intervention 

because it was tapping into a perception of an experience offered only to that specific group, i.e., the AI itself. 

Before being submitted to analysis unfavorable items were reverse-coded. The construct validity and reliability 

of both questionnaires were evaluated in the measurement model (outer loadings, Cronbach's α, composite 

reliability, AVE, and HTMT). In the final model, Cronbach's α was .859 for learning motivation and .861 for 
perceptions of AI-assisted assessment, and composite reliability was .891 and .904, respectively (Table 5). 

Because 22 of the 33 items were removed during purification, these coefficients describe the shortened scales, 

not the original instruments. 

Data Analysis 

Descriptive statistics, test of normality (Shapiro, Wilk), test of homogeneity (Levene), test for linearity and the 
data were analyzed using SPSS 26. The hypothesis H5 was tested with an independent-samples t test which was 

accompanied by Cohen's d (Cohen, 1992) and 95% confidence interval for mean difference. Because the HOTS 

scores of the experimental group were not normally distributed, a Mann–Whitney U test was run as a sensitivity 

check, and the post hoc power of each comparison was calculated. Because two outcomes were compared, a 

Bonferroni-adjusted α of .025 was also applied. Hypotheses H1–H4 were tested in a secondary, exploratory 
analysis using partial least squares structural equation modeling (PLS-SEM) with the program SmartPLS version 

4. Here the researchers only used data from the experimental group (n = 30) since variable X was only available 

to that group. PLS-SEM with path weighting schemes that is based on iterations (maximum was 300). The 

criterion for stopping was 10⁻⁷. The measurement model was analyzed on outer loadings, Cronbach's alpha, 
composite reliability, AVE, and HTMT with the loading in the final model being ≥ 0.60, AVE ≥ 0.50, and 

HTMT < 0.90 as thresholds. All variables that showed less than 0.60 of loading and that caused the level of 

AVE to drop short of the desired threshold, along with those variables that gave rise to HTMT greater than the 
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limit, were removed in a successive (stepby-step) removal (item purification) method HOTS outcomes (Y) were 
used as a single-indicator construct. The structural model was analyzed using R², f², VIF, and SRMR/NFI as 

secondary indicators (Hair et al., 2019). To test the significance of paths bootstrapping method of 5,000 

subsamples (95%) was used and no sign changes were allowed. The significant paths were those with t value > 

1.96 and also those that showed p-values below.05. Mediation type was established on the basis of variance 
accounted for (VAF): mediation was said to be full if VAF was > 80%, partial if it was between 20 and 80%, 

and no mediation if the VAF was less than 20% (Hair et al., 2017). Because the path tests were exploratory, they 

were not corrected for multiple testing; mediation was judged primarily by whether the bias-corrected bootstrap 

interval of the indirect effect excluded zero, and VAF was used only to describe its magnitude. 

 

Results and Discussion 

Descriptive Statistics 

Table 1 reports the descriptive statistics. The average highorder thinking score of the experimental group was 

81.73, which was a little higher than that of the control group, 80.87. On the other hand, the average learning 
motivation score of the control group was 54.83, slightly higher than the experimental group, which was 54.03. 

The AI-assisted assessment perception scores in the experimental group were between 36 to 53 (M = 44.23; SD 

= 3.77) with the total being 60. The HOTS score range was somewhat narrow as it was the case for all students 
(74–89). No student reached the maximum score: the highest score was 89, 11 points below the ceiling of 100, so a 

strict ceiling effect was not observed. However, the restricted range (SD ≈ 4 points; coefficient of variation ≈ 5%) 

limits the test's ability to discriminate between students and reduces the power to detect group differences. 

Table 1. Descriptive Statistics of the Research Variables 

Variable Group n Min Max M SD 

Perception of AI-assisted assessment (X) Experimental 30 36 53 44.23 3.766 

Learning motivation (Z) Experimental 30 44 63 54.03 4.375 

Learning motivation (Z) Control 30 47 64 54.83 4.676 

HOTS outcome (Y) Experimental 30 75 88 81.73 4.315 

HOTS outcome (Y) Control 30 74 89 80.87 3.884 

Note. Scores for X (15 items) and Z (18 items) are summed item scores on a 1–4 scale after reverse-scoring unfavorable items; Y is scored on a 0–100 scale. 

Assumption Tests 

A total of four out of the five data groups satisfied the normality condition that the data were not skewed. The 
experimental group's HOTS results had a significant departure from the normal distribution as  W  turned out 

to be 0.919 with  p being.026; this non-normality stemmed from scores that were packed between 80-81 (8 

students out of 30) not from the influence of extreme values or outliers. Giving consideration to the fact that 
both groups were comparable in size, as well as the the fact that the t-test has been found to work well even 

when normality is violated slightly, thet-test was not abandoned. Homogeneity of variances was the case and 

also the relationships between variables were linear. As a sensitivity check for the non-normal HOTS 

distribution, the Mann–Whitney U test [authors to insert: U, z, p, and effect size r] was compared with the t-test 

result [authors to state whether the conclusion of no significant difference is unchanged]. 

Table 2. Results of the Assumption Tests 

Test Variable (group) Statistic p Decision 

Shapiro–Wilk AI perception, X (experimental) 0.952 .197 Normal 
Shapiro–Wilk Motivation, Z (experimental) 0.983 .891 Normal 

Shapiro–Wilk Motivation, Z (control) 0.934 .061 Normal 

Shapiro–Wilk HOTS outcome, Y (experimental) 0.919 .026 Not normal 

Shapiro–Wilk HOTS outcome, Y (control) 0.971 .576 Normal 

Levene HOTS outcome, Y F = 1.086 .302 Homogeneous 

Levene Motivation, Z F = 0.108 .744 Homogeneous 

Linearity X → Y – .160 Linear 

Linearity X → Z – .429 Linear 

Linearity Z → Y – .094 Linear 

Note. For the linearity tests, p refers to the significance of deviation from linearity. 

Between-Group Differences (H5) 

The independent-samples t-test showed no significant differences between the experimental and control groups 
in HOTS outcomes or learning motivation (Table 3). The HOTS difference was 0.86 points (d = 0.21, small), 

and its 95% confidence interval (−1.26 to 2.98) included zero, so it is compatible with both a small negative and 

a moderate positive effect. For motivation, the difference was −0.80 points (d = −0.18; 95% CI −3.14 to 1.54). 
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Both results remained non-significant after Bonferroni correction (α = .025). The post hoc power was only .13 

for the HOTS difference and .11 for the motivation difference; with 30 students per group, a two-tailed test with 

α = .05 and power of .80 could detect only effects of d ≈ 0.74 or larger, and detecting an effect of d = 0.21 would 
require about 357 students per group. Hence, the absence of significance cannot be taken as evidence that small 

or moderate effects are absent. H5 was therefore not supported. 

Table 3. Results of the Independent-Samples t-Test 

Variable 
M (SD) 

experimental 
M (SD) control Difference [95% CI] t(58) p d 

HOTS outcome (Y) 81.73 (4.315) 80.87 (3.884) 0.86 [−1.26, 2.98] 0.818 .417 0.21 

Learning motivation 

(Z) 
54.03 (4.375) 54.83 (4.676) −0.80 [−3.14, 1.54] −0.684 .497 −0.18 

Note. The equal-variance assumption was met. Values of t, p, and d were obtained from the SPSS output; the degrees of freedom (58) and confidence intervals 
were computed from the summary statistics in Table 1. 

Measurement Model 

The original model comprised 15 X and 18 Z items. Through stepwise assessment, 22 out of the 33 items were 

removed (Table 4), 12 being the ones whose loadings were less than 0.40 (4 being negative although they had 
been appropriately reverse-scored), 8 items that were dropped so that AVE would be above 0.50 (initially AVE 

was roughly 0.35 for X and 0.44 for Z), and 2 because the HTMT between X and Z (0.967) was over 0.90. The 

resulting model consisted of four X items and seven Z items. The surviving Z items were spread over all six 

motivation dimensions while for the X items' case, only three of the five dimensions were still there, namely 
quality of feedback explanations, depth of answer analysis, and ease of use; the dimension of item personalized 

and difficulty level adap- tivity were entirely missing in this version. 

Table 4. Summary of the Item Elimination Process 

Stage Items eliminated Reason 

Low or negative loading (< 

0.40) 

X3, X9, X10, X11, X15; Z1, Z3, Z6, Z9, 

Z12, Z15, Z18 (12 items) 

Loadings of X15, Z6, Z15, and Z18 were 

negative despite reverse-scoring 

Convergent validity (AVE ≥ 

0.50) 

X1, X5, X6, X7, X12; Z5, Z8, Z13 (8 

items) 

Loadings of 0.40–0.70; eliminated from the 

lowest until AVE ≥ 0.50 

Discriminant validity (HTMT 

< 0.90) 
X4, Z17 (2 items) 

X4 loaded higher on Z (0.573) than on X 

(0.447); Z17 loaded almost equally on both 

constructs; HTMT decreased from 0.967 to 

0.792 

Final model 
X2, X8, X13, X14; Z2, Z4, Z7, Z10, 

Z11, Z14, Z16 
Met the validity and reliability criteria 

All loadings of variables in the final model were > 0.632, both constructs also satisfied the reliability and 

convergent validity standards (Table 5). Discriminant validity was confirmed in all pairwise combinations 
(HTMT: X, Z = 0.792; X, Y = 0.367; Z, Y = 0.496). Moreover, all variation-inflation factor (VIF) values were 

< 3.3 (outer model: 1.668–2.567; inner model: 1.000–2.230) which showed that the collinearity assumption 

remained satisfied. 

Table 5. Final Measurement Model 

Construct Outer loadings α 
CR 

(rho_c) 
AVE Items 

Perception of AI-assisted 

assessment (X) 

X2 = 0.884; X8 = 0.883; X13 = 0.824; X14 

= 0.758 
0.861 0.904 0.704 4 

Learning motivation (Z) 

Z2 = 0.773; Z4 = 0.735; Z7 = 0.745; Z10 = 

0.811; Z11 = 0.654; Z14 = 0.775; Z16 = 

0.632 

0.859 0.891 0.540 7 

HOTS outcome (Y) Single indicator = 1.000 – – – 1 

Note. CR = composite reliability. Composite reliability (rho_a): X = 0.894; Z = 0.872. 

Structural Model and Testing of H1–H4 
Perceptions of AI-assisted assessment the explanation of learning motivation variance from perceptions of AI-

assisted assessment Perceptions of AI-assisted assessment explained 55.1% of the variation in learning 

motivation (R² = 0.551; adjusted R² = 0.535; moderate), whereas motivation and perception together could 

explain only 23.6% of the variation in HOTS outcomes (R² = 0.236; adjusted R² = 0.180; weak). Model fit 
indices did not meet the desired thresholds (SRMR = 0.117 > 0.08; NFI = 0.601). In the context of prediction-

oriented PLS-SEM, it is true that these indices are auxiliary, however, they have to be viewed as limitations. 
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Bootstrapping results are summarized in Table 6 and Figure 1. AI-assisted assessment perceptions were 

positively and greatly linked to learning motivation (H1; β = 0.743; f² = 1.230). Learning motivation was 

positively connected with HOTS outcomes (H2; β = 0.476; f² = 0.133). However, the bias-corrected confidence 
interval at this path includes zero. The direct path from perception to HOTS outcomes was approximately zero 

and non-significant (H3; β = 0.013; f² = 0.000). Indirect effect (X → Z → Y) was significant by the p value alone 

(H4; β = 0.354; p =.042) which suggests full mediation, with a VAF of 96.5% that exceeds the 80% minimum 

standard. Unfortunately, the percentile interval of the effect of mediation remained in a positive range (from 

0.058 to 0.752) whereas the bias-corrected interval contained zero (−0.080 to 0.644), which indicates that the 

conclusion depends on the estimation method. So we should make very careful interpretation of our findings. 

Table 6. Results of the Structural Model Test (Bootstrapping with 5,000 Subsamples, n = 30) 

Hyp. Path β t p 95% CI f² Decision 

H1 X → Z 0.743 9.804 < .001 [0.524, 0.849] 1.230 Supported 

H2 Z → Y 0.476 2.278 .023 [−0.089, 0.801] 0.133 Partially supported 

H3 X → Y (direct) 0.013 0.064 .949 [−0.377, 0.442] 0.000 Not supported 

H4 
X → Z → Y 

(indirect) 
0.354 2.037 .042 

Percentile [0.058, 0.752]; 

BC [−0.080, 0.644] 
– Partially supported 

Note. CI = confidence interval; BC = bias-corrected. Intervals for H1–H3 are bias-corrected. “Partially supported” indicates p < .05 but a bias-corrected 
interval that includes zero. H5 was tested separately (Table 3) and was not supported. 

 

Figure 1. Final Structural Model and Path Coefficients 

Note. Final bootstrapped model for the experimental group (n = 30). The dashed line indicates a non-significant path; *** p < .001; * p < .05. The bias-

corrected intervals for the Z → Y path and the indirect effect include zero (see Table 6). 

Absence of Between-Group Differences in HOTS Outcomes and Motivation 
The main takeaway is that AI-assisted formative assessment does not generate significantly different results 

regarding high order thinking skills (HOTS) and level of motivation in contrast with traditional formative 

assessment methods. The results were in favor of the experimental group for HOTS outcomes (d = 0.21), but 

the difference turned out to be very low since confidence interval had 0 as well. Meanwhile, motivation was a 

bit less in the experimental group (d = −0.18). The effect observed here is much less pronounced than a moderate 
effect of AI on learning achievement reported in a meta-analysis (Wu et al., 2025). Many reasonable 

explanations that can't be figured out with the available data need to be explored. 

Wu et al. (2025) reported that the magnitude of AI effects depends on intervention duration, design, and 
sample size. In this study, 30 students per group was considered a small sample size while not being sure that 

the treatment duration was enough. Therefore, it was most responsive to fairly large effects only. We also 

considered a strong comparison condition, and for that reason, the control group was not a no-assessment one 

but it kept doing HOTS practice, teacher checking, and feedback. It is a kind of practice that has already been 
found to lead to improved achievements of vocational students (Waskito et al., 2022). The distance between a 

feedback intervention and another meaningful form of feedback intervention could be much smaller than the 

distance between a no-feedback condition and a feedback condition. Measurement aspects HOTS scores were 
rather limited as only in the range of 74–89 (mean 100) with only 80-odd out of 100, which might lead to such 

a problem as the result cannot reach the maximum (a ceiling effect), or the test is weak at differentiating at the 
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higher levels (C4, C6). This explanation needs to be verified using item analysis. There was no pretest conducted; 
that is, no baseline measurement was performed, a situation which makes it impossible to distinguish between 

minor variation at the end of a treatment period and the initial, inherent differences between the two groups 

of classes. 

In addition to the main idea of how AI was operationalized, the following method of AI application should 
also be kept in mind. In the study mentioned here, AI was used after students had been given a chance to discuss, 

answer, and check the items together. The students were even given AI-generated explanations to those items 

across all groups. Such a design, which is feedback principles-based where students have to try a task first and 
receive feedback (Hattie & Timperley, 2007; Roediger & Karpicke, 2006), is in fact a good one. However, it also 

means that the features commonly seen as advantages of AI, i.e., item personalization and adaptive difficulty 

adjustment, were only a little visible (e.g., only when students asked for additional items). Thus, the findings 

cannot be transferred/attributed to AI implementation that offers individual-student adaptive practice as the 
teacher was also watching the AI feedback and correcting misconceptions, meaning AI here was more a support 

tool than a total replacement. A setup like the present one is indeed in accordance with the worry that AI in the 

absence of criticalthinking activity will cause the decline of students' interest and capability to analyse 
(Rahmawati, 2025), and hence, it can be inferred that the effects seen here are the results of the "AI plus teacher 

supervision" package, not "AI alone". 

Perceptions of AI-Assisted Assessment and Learning Motivation (H1) 

Within the experimental group, students who evaluated AI-assisted assessment more positively tended to report 

higher learning motivation (β = 0.743; f² = 1.230). This direction is consistent with expectancy–value theory 

(Eccles & Wigfield, 2002) and the ARCS model (Keller, 1987), which link immediate and specific feedback with 
confidence and satisfaction, as well as with studies reporting a relationship between AI-based feedback and 

motivation (Fidan & Gencel, 2022; Larasati et al., 2026; Yin et al., 2024). This finding also resembles the pattern 

reported by Ji et al. (2024), who found that AI-based performance assessment was related to motivation through 

students’ perceptions and satisfaction. 

In other words, the size of the coefficient should not be taken as evidence of treatment effect. First, the 

comparison of the two groups indicated no difference regarding motivation; as a result, the relationship observed 

within the experimental group had not resulted in group-level advantage. Secondly, X (perception) and Z 
(motivation) have been assessed using the same questionnaire, at the same time, and by the same respondents; 

motivated students may have perceived their learning as more pleasant (reverse causality), or both measures 

have been impacted by similar response tendencies (common method variance). Third, the high correlation 
matched with the empirical overlap between the two constructs in the initial model (HTMT = 0.967) and the 

construct X was made of just 4 items which means not measuring the dimensions of personalization and 

adaptivity that are the main advantages of AI. Thus, one could conclude that the perception assessed by the final 

measure is more properly described as understanding and ease-of-use of AI rather than perception of adaptive 

evaluation as a whole. 

Learning Motivation and HOTS Outcomes (H2) 

Learning motivation was the strongest predictor of HOTS outcomes at around 0.476 with statistical significance 

at 0.023. The findings support earlier results on vocational education revealing both intrinsic and extrinsic 

motivation have an influence on academic achievement (Cao et al., 2025). However, the confidence interval 

calculated using the bias-corrected method is quite large, ranging from −0.089 to 0.801; in other words, the true 
effect could range from negligible to strong. The R squared for HOTS outcomes was low only 0.236 and also 

that the path was not significant in the previous model without item purification. The model estimates can vary 

a lot even when the sample size is as small as 30. Furthermore, the motivation-achievement relationship 
identified in these two studies seems rather narrow as only certain types of learning motivation were considered 

in An et al. (2025). Such variation in types of motivation is likely due to the fact that different types of motivation 

can have vastly different effects on achievement and that motivation is often measured in many ways. In this 

paper, motivation was modeled as a single reflective construct so dimensional differences are not taken into 

account.  

Direct Path and Mediation (H3 and H4) 

There was little or no direct path from perception to Higher Order Thinking Skills (HOTS) outcomes (β = 0.013) 

and the mediated pathway through motivation showed a very large variation (96.5%) which fully conforms to 

the definition of full-mediation. Another "no directeffect/only indirect effect" model was found by Ji et al. (2024) 
with AI and learning motivation, and a similar finding has been reported where the role of technology in 

influencing student achievement is mostly indirect or via other intermediary factors (Jian, 2022; Simões et al., 

2022). However, there are four reasons to believe the mediation conclusion is still tentative. (1) The indirect 

effect has different confidence intervals: one was at zero and another excluded it. (2) Three variables were only 



 

 

383 

 

Journal homepage: https://jurnal.iicet.org/index.php/jrti 

 

Does generative-ai feedback in formative assessment improve higher-order thinking ... 

measured once at the same time as the post-treatment; hence, the causal chain X → Z → Y which mediation 

inference demands could not be guaranteed. (3) X is the perception that is only available to the experimental 

group; therefore, the structural model did not make use of a comparative control group. (4) The t 

-test results (H5) did not find any benefit in the experimental group for motivation nor achievement. Therefore, 

rather than interpreting the findings as evidence that AI-assisted assessment leads to improved HOTS via 

motivation, it is probably more appropriate to view it as a proposed mechanistic hypothesis that has to be 

verified experimentally. 

Implications 

These findings indicate for the teachers of SMK schools that simply introducing AI to formative assessment will 

not necessarily result in improved HOTS, the fact that may not be the most crucial at all. What really counts are 

students' perception of the AI feedback as the main element: the clarity, helpfulness, and ease of use, which is 
complemented by the teachers' vigilance with the quality check of the feedback provided. As regards the 

theoretical contributions, the present paper puts forth an X → Z → Y model which could be re-validated through 

the application of designs that permit making stronger inferences as opposed to merely providing 

confirmatory evidence. 

Theoretically, the combination of null between-group results and strong within-group associations points to 
a boundary condition rather than to a failure of motivational theory. Expectancy–value theory and the ARCS 

model predict that feedback raises motivation when it increases expectancies of success and perceived value 

(Eccles & Wigfield, 2002; Keller, 1987). In this study, students who appraised the AI feedback more favorably 

were more motivated, yet exposure to AI feedback did not raise average motivation. This pattern suggests that 
what matters motivationally is the individual appraisal of feedback quality, not the delivery channel: when the 

comparison condition already provides timely, task-focused teacher feedback, AI feedback offers little additional 

expectancy or value. Feedback theory leads to the same conclusion, because the effect of feedback depends on 
whether it moves learners beyond task-level correction toward process-level and self-regulatory feedback (Hattie 

& Timperley, 2007; Nicol & Macfarlane-Dick, 2006), whereas in this implementation AI mainly verified 

answers, a task-level function the teacher was already performing. The added value of AI in formative 

assessment may therefore be conditional on (a) a weak or slow baseline feedback condition, (b) AI functions 
that go beyond verification, such as adaptive items and process-level hints, and (c) sufficient duration for 

motivational changes to translate into HOTS. These conditions are testable propositions for future research 

rather than conclusions of the present study. 

Limitations 
Some restrictions that come with this research are (1) limited number of participants from a single school and 

the only academic program in question, n = 30 per cohort, which, in turn, reduces the chances for making 

statistically valid inferences and generalizing the results; (2) assignment of the students to groups is according to 

intact classes not having a pretest or baseline-ability covariate, therefore the possible threats to internal validity 
are not addressed; (3) the fact that 22 out of 33 questionnaire items were removed together with huge changes 

in path coefficients across the stages, e.g., X → Z decreased from 0.934 to 0.743 which makes the PLS SEM 

results dependent on certain modellings and exclude a confirmatory reading; (4) model fit indices (SRMR = 

0.117) do not meet the preferred threshold; (5) reliance on self- reported, psychological measures collected at a 

single time point; (6) lack of an objective measure of AI-use intensity by students and possible variability of 
generated content of ChatGPT and Gemini across sessions; (7) the absence of predictive Q² indices; and (8) the 

non-normal distribution and restricted range of HOTS scores. Future studies should therefore use larger multi-

school samples with random allocation where feasible, baseline measures as covariates (e.g., ANCOVA), longer 
interventions with AI-use logs, repeated measurement of motivation to establish temporal order, expanded item 

pools that retain the personalization and adaptivity dimensions, and qualitative data on students' interactions 

with AI. 

 

Conclusion 

This study compared AI-assisted and conventional formative assessment among 60 Grade X Machining 

Engineering students at SMK Negeri 1 Padang. AI-assisted formative assessment did not produce significantly 

higher HOTS (d = 0.21; p = .417) or motivation (d = −0.18; p = .497) than conventional teacher-led formative 

assessment, and these results held after Bonferroni correction (α = .025). With a post hoc power of only .13 and 

a minimum detectable effect of d ≈ 0.74, however, the data cannot distinguish a true null effect from a small 
effect that the sample was too small to detect. Theoretically, the findings suggest a boundary condition: when 

students already receive timely, task-focused feedback from the teacher, AI feedback that mainly verifies answers 

adds little expectancy or value, and therefore little motivational or cognitive benefit. Within the AI group, more 
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favorable perceptions of AI-assisted assessment were associated with higher motivation (β = 0.743), and 

motivation was associated with HOTS (β = 0.476), while the direct path was negligible. This pattern is consistent 

with motivational mediation, but the indirect effect (p = .042, percentile bootstrap) was not robust: its bias-

corrected interval included zero and it would not survive a Bonferroni-adjusted α of .025. Together with 
simultaneous measurement and substantial item reduction, this makes the mediation finding indicative only. 

The present data are therefore insufficient to conclude that AI-assisted formative assessment enhances students' 

higher-order thinking in OHS learning; the motivational pathway is best regarded as a hypothesis to be tested. 

Future research should test this hypothesis using the design improvements outlined in the Limitations 

section. 
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