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Abstract 
Self-regulated learning behaviours among students in the digital age measures how well they revise their 
prompts. This study uncovers the correlation of prompt revision behaviours to leaning gain among 100 
undergraduates who had a 2-week structured ChatGPT course. Revision behaviours were classified into six 
groups (no revision, shallow, constraint addition, format change, decomposition, example-driven). A Self 
Regulation Score (SRS) from revision depth and persistence was constructed for correlation between pre 
and post test gain. A machine learning algorithm (Random Forest) was utilized to predict learning gains (top 
range) from revision features. Results obtained reveals SRS (n=100, and 1,620 interactions) correlated 
strongly with learning gain (r=.87, p<.001). Random Forest achieved Accuracy and Recall scores of 75.6%, 
Precision of 80%, and F1-score 73%. The findings from this study support the development of diagnostic 
system to aid educators identify prompt technique needs of students and integrate real-time self-regulation 
analytics into generative AI classrooms. 
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Introduction 

The inclusion and utilization of digital and 

information communication gadgets in schools has 

brought a significant improvement in the mode of 

teaching and learning (Elugbadebo & Johnson, 

2020). Educational organizations including primary, 

secondary and tertiary institutions are investing 

greatly to digitalize educational processes with 

supports from individuals, corporate organizations 

and the government. The outcome of earlier 

investment on digital and ICT tools have led to 

improved student performance, and reduction in 

manual work load. As these improvements become 

noticeable and evidenced, a new trend is the 

utilization of Generative Artificial Intelligence 

(GenAI) in education (Lo, 2023). Researchers and 

authors have posed different views on the 

acceptability (Zhai, 2022) and utilization of GenAI 

tools especially in higher education (Dwivedi et al., 

2023).  

Students’ utilization of large language tools 

and GenAI including ChatGPT transcends through 

numerous forms (Tlili et al., 2023) from image and 

text generation, concepts explanation, critiques  

 

arguments to code generation and debugging (Chen 

et al., 2024). However, the quality of the results 

derived is dependent on the quality of user’s 

prompt.  When GenAI responses mismatch 

students’ knowledge and have little or no 

significant relevance with students’ prompts, it may 

lead to frustration and abandonment of the task 

(Carrasco-Sáez et al., 2025). Although, some 

students respond by strategically changing roles, 

revising prompts, simplifying questions or adding 

more information for clarity to the GenAI yet many 

students lack the capacity to recognize poor 

outcomes and adjust behaviour which formed the 

hallmark of self-regulated learning (Zimmerman, 

2002). 

Panadero,(2022) described self-regulated 

learning (SRL) as an intentional change in 

knowledge acquisition, based on experience or 

practical experiment. It is typically measured via 

surveys or think-alouds, which are labour-intensive 

and not scalable. This form of regulated learning 

imbibes assertive and proactive skills needed to 

control and achieve learning goals among students.
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Recent work suggests that young learners’ 

log-based behavioural indicators of revision 

patterns can capture SRL in digital environments 

(Molenaar, 2022). Self-regulated learners complete 

a cyclic phase requiring one or more processes 

involving planning, monitoring, control and 

evaluation (Viberg et al., 2023).This can be 

achieved when students simplify large complex 

questionnaires or text before prompting on 

ChatGPT (Farrokhnia et al., 2024). Some students 

develop or propose evidence-based responses while 

adjusting prompts appropriately. Prompt revision 

depth after a poor AI response correlates with 

quality of response. Chang (2023) discovered that 

students who perform socratic prompting 

techniques and include constraints achieve higher 

task completion rates with improved conceptual 

understanding. However, no study has linked 

prompt revision behaviour directly to learning gains 

measured by objective pre-/post-tests, nor provided 

a transparent, no-code toolkit for classroom use. 

This study addresses these two research questions 

below with a 2-week undergraduate course with 

four ChatGPT exercises collected through 

interaction logs, coded revision behaviour using a 

simple and modified rule based taxonomy, 

computed SRS in Orange Data Mining software, 

and evaluated predictive performance. 

1. To what extent does Self-Regulation Score 

(SRS) derived from prompt revision 

behaviour correlate with learning gain over 

a 2-week course? 

2. Can a model using only revision features 

(no prior grades) predict which students 

will achieve high learning gain? 

 

Literature Review 

Zimmerman (2002) described a self-

regulated learner as one involved in planning, 

monitoring, and adjusting his cognitive strategies for 

academic achievement.  The present day technology-

driven environments allow students to learn using the 

SRL techniques.  Common techniques utilized range 

from pausing, re-reading, help-seeking to revision 

patterns (Molenaar, 2022). With generative AI, a new 

SRL behaviour emerges known as prompt revision. 

Through this prompt revision, a self-regulated 

student can diagnose the failure and modify the 

prompt accordingly when AI fails to provide a useful 

response that matches his needs. Prompt revisions are 

necessitated when responses from GenAI do not meet 

users’ requirement. This is also dependent on many 

factors. A research conducted by Ana et al.,2024 on 

pre and in-service teachers from October 2024 till 

January 2025 revealed the correlation among 

strategic variables responsible for the adoption of 

GenAI and prompt techniques in Spain. Evidence 

from the study objectives through its participants 

showed that confidence level of trainers forms a 

pivotal metric for AI adoption in learning among 

other variables like relevance with instruction, social 

impact and barriers.  

Carrasco-Sáez et al., (2025) developed a 

methodological framework of four components to aid 

the prompting techniques among high education 

students in Chile for qualitative results. As part of 

their methodology was the exploratory analysis of 

factors which guided the grouping of adopted 

techniques with a correlation and regression analysis 

of potential causal links between techniques and 

quality of responses.  Positive and negative factors 

correlations were recorded which informed their final 

conclusion of adopting a guided context strategy for 

enhancing the quality of response derived from a 

GenAI model. Learning techniques have been 

proposed by different studies and the taxonomy for 

prompt revision is being studied for further 

regulatory actions (Giray, 2023; Holmes, 2022). The 

findings of Liu et al., (2026) from their review of 

existing prompting techniques led to the innovation 

of a foundational framework for better prompts 

design and construction.  

A multimodal channel data was utilized to 

enhance self regulated techniques (Azevedo et al., 

2025). Related methods adopted in literatures are 

constraining to word length limits, sample provision, 

decomposing complex questions to simpler versions 

and instructing ChatGPT to act like an expert in a 

particular field. This later technique is commonly 

adopted by mid-A1 specialist and frequent users.  

Learners who engage in prompt revision demonstrate 

stronger metacognitive awareness and critical 

thinking skills (Zhai, 2022). Each adopted strategy 

reflects a specific users level of cognition as observed 

by Rudolph et al. (2023). Most students now prefer 

to use GenAI for brainstorming rather than copying 

responses verbatim. The inclusion of machine 

learning nowadays helps to derive meaningful insight 

from students’ data. A demonstration of this 

inclusion was performed by Alalawi et al., (2025) 

when they integrated pedagogical knowledge for 

performance prediction. The result generated 

revealed a 18% increase as compared with statistical 

model. The findings of Kubsch et al., 2022 buttress 

the effectiveness of learning analytics to aid in 

tracking learners’ progress with supportive adaptive 

lessons. Synthesis of findings from various studies 

suggest patterns with evidence that machine learning 

models increase predictive accuracy and self 

regulated learning through AI support. However,
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these studies did not link prompt revisions to 

measurable learning gains of the students nor 

provided a no-code tool like orange for assessing 

learning gains through educational logs. This study 

fills this gap by providing an open source Orange 

workflow that computes an SRS from ChatGPT logs 

and predicts learning gains.  

 

Methodology and study design 

A predictive- correlation and   quantitative 

design was adopted for this study.  Both the Pre-test 

and post-test were conducted on a single group 

structure. This design approach was chosen because 

it examined the correlation between revision 

behaviours and learning gain without variable 

manipulation.  Our single group structure fits this 

study as it aimed at teaching AI- assisted learning 

techniques to students through prompt revision.   

 

Participants description and context  

A total of 100 undergraduate students from 

the Federal College of Education, Abeokuta, Nigeria 

were recruited for the study through purposive 

sampling. This sampling technique ensured that only 

students who were engaged in the structures 

ChatGPT exercise were selected. The participants 

were mainly of a mixed discipline, combining 

Computer Science with other science subjects 

including Mathematics, Physics and Integrated 

Science.  Participants’ description is provided in 

Table 1. They all had prior basic computer literacy 

skill and had used ChatGPT at least once before. 

Inform consent for all the participants was gotten for 

the ChatGPT log analysis after a 2-week elective 

course on AI-Assisted Learning Strategies.

  

Table 1. Demography information of Participants 

S/n Department Level  Number of students Total  

1. Mathematics 100 12 35 

200 13 

300 10 

2. Physics 100 10 30 

200 10 

300 10 

3. Integrated Science 100 10 35 

200 15 

300 10 

 Total    100 

 

Course structure description 

The course ran for 10 days (weekdays only) 

involving all the participants. The first day exercise 

began with a 20-item pre-test multiple choice 

questions to assess participants’ baseline knowledge 

without ChatGPT usage and an identical post-test of 

20-item multiple-choice tests on general study skills 

and basic AI literacy was conducted after the course. 

Students had other exercises requiring their response 

with access to ChatGPT to aid their responses with 

log time for each student activity recorded on a 

GoogleSheet for all the days with their derived 

responses.  Exercises were completed individually 

using their ChatGPT account. Each exercise was 

allocated a maximum of 10 minutes.

 

Table 2: Schedule of Course Description  

Day Activity Description 

1 Pre-test 20 MCQs (baseline knowledge) 

2 Exercise 1 “Explain the water cycle to a 10-year-old” 

3 Exercise 2 “Debug this Python code: [a sample function]” 

4 Exercise 3 “Critique this argument for logical fallacies: [selected short text]” 

5 Exercise 4 “Plan a 15-minute activity to teach fractions” 

6-8 (no sessions) – 

9 Post-test Same 20 MCQs (alternate order) 

10 Make-up  and  debrief – 

 

 

https://www.ajstme.com.ng/


AJSTME, Volume. 12, Issue 5.    145-155, September, 2026.  https://www.ajstme.com.ng  

ISSN: 2251-0141 (Print), 2971-6233 (Online) 

From Prompt Revision to Learning Gains: Modeling Self-Regulated AI-Supported Learning Using a Machine 
Learning…Elugbadebo et al. 148 

Instruments and data collection 

A structured self-report log form 

administered via Google Form was used for data 

collection. The form comprised of sections 

designated as Student ID, Exercise number, Attempt 

number, Prompt text, Usefulness rating, Response 

time and AI response summary. 

Post-test and Pre-test were developed and 

validated by three subject matter experts. Collected 

scores from the multiple choice tests covered the 

study scope and basic AI literacy skills. 

For each exercise, students used a Google 

Form to record their anonymized student ID, 

exercise number (1–4), attempt number (first prompt 

followed by up to two revisions if usefulness was 

rated ≤2), the prompt text copied from ChatGPT, a 

usefulness rating from 1 (not useful) to 5 (very 

useful), and a self-reported response time in seconds 

using a stopwatch, while a research assistant 

manually logged the AI response summary to verify 

usefulness ratings. This process yielded 400 initial 

attempts (100 students × 4 exercises), with low 

usefulness cases (52% of attempts) generating 

additional revisions (mean 1.6 per such case), 

resulting in a final dataset of 2083 rows as shown in 

Figure 1. Pre‑test and post‑test scores were initially 

recorded separately before merging with the student 

generated dataset, and learning gain was calculated 

using equation 1.

  

learning gain(lg) =
(𝑃𝑜𝑠𝑡 𝑇𝑒𝑠𝑡 𝑠𝑐𝑜𝑟𝑒−𝑃𝑟𝑒 𝑇𝑒𝑠𝑡 𝑆𝑐𝑜𝑟𝑒 )%

(100−Pre 𝑇𝑒𝑠𝑡 𝑆𝑐𝑜𝑟𝑒)%
                            (1) 

 

 
 

Figure 1. Student A.I learning gain dataset collection sample 

 

Coding prompt revision behaviour and self-regulation score (SRS) construction 

 

For the coding of prompt revision 

behaviour,  a developed prompt taxonomy (Liu, 

2026) with minor adaptations was adopted  where 

each revision (attempt > 1) was classified by 

comparing the prompt text to its parent prompt using 

an Orange Python Script widget  as shown in Figure 

2. The taxonomy included six categories with their 

description and assigned weights tabulated in Table 

3. Two researchers independently coded a random 

10% sample, achieving substantial agreement 

(kappa = 0.84), and the remaining rows were coded 

automatically using keyword matching and length 

ratio heuristics.
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Figure 2. Implementation workflow and architecture of the model 

 

Table 3 Adapted Prompt Revision Taxonomy and Weighted Scores 

Revision Type Definition Weight 

No revision (same 

prompt) 

Identical or nearly identical text (cosine similarity >0.95) 0 

Shallow revision Minor wording change, no new information 1 

Constraint addition Adds length, audience, format, or step-by-step 

instructions 

2 

Role/format change “Act as…”, “Pretend you are…”, “In the style of…” 2 

Decomposition Splits question into sub-questions (e.g., “First… then…”) 3 

Example driven Provides a concrete example of desired output 3 

 

 

For the self‑regulation score (SRS) we 

formulated and computed three components namely, 

average revision weight (RevW), Persistence (Pers) 

and Recovery Speed (Rec). The  (RevW) describes 

the mean weight of all revisions across exercises 

(where first usefulness ≤ 2), persistence (Pers) shows 

the average number of attempts per low usefulness 

exercise, normalized 0–1), and recovery speed 

(Rec,) details the inverse of time to first substantive 

revision with weight ≥ 2, normalized 0–1 and 

inverted so higher values indicate faster recovery. 

The final SRS was calculated using equation 2 and 

all components normalized to [0, 1] using min‑max 

scaling across students, as implemented in the 

Orange workflow. 

Final SRS = 0.6 × RevW_norm + 0.2 × 

Pers_norm + 0.2 × Rec_norm                   (2) 

 

Implementation workflow description and 

predictive modelling for learning gain 

For The implementation workflow 

commences with the selection of a File widget that 

loads the raw student interaction CSV. This data is 

further passed to a Python Script widget, which 

classifies each prompt revision using heuristic rules 

based on keyword matching and length ratio, 

outputting a new numeric column called 

Revision_weight.   Next phase introduces 

an Aggregate Python widget to group the students’ 

data for the computation of the Self Regulation 

Score comprising the normalized average revision 

weight (RevW), persistence (Pers), recovery speed 

(Rec), and the composite SRS. Finally, a Join 

widget merges these student level SRS values back 

with each student’s pre-calculated learning gain. The 

implementation of the predictive learning gain 

model is also described in Figure 2. 

Furthermore, a visualization of the 

relationship between the SRS and the learning gains 

is performed using a scatter plot diagram that fits a 

regression line. The introduction of a correlation 

widget aids in computing the Pearson’s value used 

in quantifying the association strength. A newly 

created column is added to sets the binary target

https://www.ajstme.com.ng/
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variable (High-gain) based on the learning gain score 

while the Test and Score widget trains and evaluates 

a Random Forest classifier (100 trees, max depth 5) 

using 10-fold cross-validation stratified by student 

and compared with a Logistic Regression  as a 

baseline comparison  learner. Finally, the AUC and 

ROC curve are generated, and the Confusion Matrix 

reports precision, accuracy and recall scores, 

providing a complete evaluation of how well 

students’ revision behaviours predict high learning 

gains. The high learning gain score is defined by 

scores in the top quartile precisely with values (SRS 

≥ 0.41).  

 

Results and Observation Analysis  

The analyses of the total 1,620 interactions 

uncovered numerous prompt revision patterns. It 

showed that 768 (74.01%) records derived were first 

attempts with rated useful (≥3). The remaining 421 

(25.99%) records were low usefulness (≤2), 

generating 586 revisions. Among the revisions 

recorded, 24% were shallow, 41% constraint 

addition, 18% role/format, 12% decomposition, 7% 

example driven. Mean persistence (attempts per low 

usefulness exercise) was (M = 1.46, SD = 0.47). 

Mean recovery speed (time to first 

substantive revision) was 22 seconds (SD = 1.46). 

Pre-test scores ranged from 30% to 95% (M = 

67.66%, SD = 0.17).  Post-test scores ranged from 

44% to 98% (M = 76.62%, SD = 0.12). Mean 

learning gain was 8.96 (SD = 0.73). The top quartile 

(high gain) threshold was 0.41. A critical look at the 

interrelation between the Self-Regulation Score 

(SRS) and learning gain shows some notable 

correlations as recorded in Table 4. It provided 

answer to the first research question (To what extent 

does Self-Regulation Score (SRS) derived from 

prompt revision behaviour correlate with learning 

gain). 

  

Table 4: Pearson Correlations between SRS Components and Learning Gain 

S/n Component Correlation 

with learning 

gain(r) 

p-value Strength Interpretation 

1. RevW 0.44 <0.001 Moderate Deeper revision helps 

but not dominant 

2. Pers 0.56 0.002 Moderately 

strong 

Persistence matters 

most individually 

3. Rec 0.28 0.005 Weak Speed is least important 

 

Persistence emerged as the highest 

individual predictor (0.56) followed by revision 

weight (r = 0.44) and recovery speed (r = 0.28) 

respectively. This suggest that students who tried 

repeatedly after receiving a poor ChatGPT response 

ultimately learn more despite the quality of their 

revision strategies.  This resonates with the 

Zimmerman's (2019) theory indicating that 

persistence is a core behavioural component of self-

regulated learning. 

The moderate correlation for revision 

weight indicates that strategic revision achieved by 

adding constraints, changing roles, or decomposing 

questions is beneficial, but its effect is increased 

when combined with persistence. The weak 

correlation for recovery speed suggests that rushing 

to revise quickly does not necessarily improve 

learning rather a careful and thoughtful revision 

(even if slower) may be more valuable. Most 

importantly, the composite SRS (r = 0.87) depicted 

in Figure 3 reflects the positive trend and 

demonstrates that  combining these three 

behavioural indicators produces a far stronger 

prediction than any single component alone.
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Figure 3. Correlation map of SRS with learning gain showing a positive trend. 

 

To evaluate the performance of revision 

features on learning gain, Random Forest was 

trained and tested on subset of the entire dataset (488 

instances). Its outputs were compared with the 

Logistic Regression classifier. The motive was to 

provide response to the second research question 

(Can a model using only revision features (no prior 

grades) predict which students will achieve high 

learning gain?).  Results from the model shown in 

Figure 4 indicate that Random Forest is a better 

classifier than the baseline Logistic Regression for 

all the evaluated metrics. An AUC improvement 

score of 25.8% was achieved by Random Forest over 

its baseline model with 59.6%, indicating that 

Logistic Regression ranks slightly better than 

performing a random guess (50%) for classifying 

selected high-gain and low-gain students. The 75.6% 

accuracy score pulled by Random Forest from 

stratifying students by their learning gain also 

exceeds Logistic Regression by 16.2%.

 

 

 
Figure 4: Comparative analysis of the Random Forest with the baseline 

 

The number of students, grouped as high 

gainers who achieved high gain was 80.0% for 

Random Forest, compared to Logistic Regression 

with 43.9%. Random Forest classifier also
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successfully identified three-quarter of correctly 

identified high-gain students as displayed from its 

recall (sensitivity) score of 75.6%. The recall and 

precision balancing metric (F1-score) was 73.0% and 

45.0% for Random Forest and Logistic Regression 

respectively. Average revision weight contributed 

51% of the model's predictive power, students 

persistence rate and recovery speed also contributed 

29% and 20% respectively based on their feature 

analysis. This confirms the earlier correlation 

findings of what a student revises (depth) matters 

most, followed by how many times they persist, and 

while how quickly they revise provides 

complementary but secondary value.  Confusion 

Matrices and Receiver operating cost (ROC) graph 

obtained on the randomly selected test dataset 

comprising 488 instances (approximately 30% of the 

collected dataset) are displayed in Figures 5 and 6.

  

 
 

Figure 5.  Proportion of Predicted Random Forest and logistic regression. 

 
Figure 6. Receiver operating Curve for the developed model. 

 

From the result in Figure 5, out of 293 actual 

high-gain students, the Random Forest correctly 

identified 286 (True Positives) and missed only 7 

(False Negatives). This defines the model target as it 

successfully captures 98 out of every 100 students 

who will achieve high learning gains and only 83 

were correctly classified as low-gain, while 112 were 

incorrectly flagged as high-gain (False 

Positives).The ROC curve in Figure 6 also 

graphically confirms the superiority of the Random 

Forest model. The Random Forest curve rises steeply 

towards the top-left corner, indicating high true 

positive rates (sensitivity) across a range of false 

positive rates. The area under this curve (AUC) is 

85.4%, meaning the model has an 85.4% probability 

of correctly ranking a randomly selected high-gain 

student above a randomly selected low-gain student. 

The AUC score of 59.6% achieved by the Logistic 

Regression reveals that its performance is more of a 

random guess than actual prediction. Evidence from

https://www.ajstme.com.ng/
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the gap between the two curves, indicates that 

capturing non-linear relationship from data are 

significant for predicting learning gains. Table 5 

presents the summaries of key findings based on the 

research questions and feature components ranking.

 

 

Table 5: Findings aligned with the Research questions 

S/n Research Question Key findings Statistical Evidence 

1. Does SRS correlate with 

learning gain? 

Strong positive 

correlation 

r = 0.87 

p < 0.001 

 r² = 0.76 

2. Can revision features 

predict high learning gain? 

Random forest 

outperforms baseline 

AUC = 85.4% 

Recall = 75.6% 

Precision = 80.0% 

Accuracy = 75.6% 

F1-score = 73% 

3. Feature Importance Revision weight 

dominates 

RevW = 51% 

Pers = 29% 

Rec = 20% 

 

 

Discussion 

Both research questions have been provided 

with responses (generated results) from this study. 

Findings reported in Table 5 clarify the inclusion of 

prompt revision techniques for students learning 

gains. A combination of revision depth, persistence, 

and recovery speed which formed the composite 

Self-Regulation Score (SRS) 

correlated strongly with the objective learning gain 

(r = 0.87, p < 0.001).  This further suggests that for 

better prediction, it is advisable to combine multiple 

behavioural factors rather than relying on a singular 

component. The precision and AUC scores of 80% 

and 85.4% respectively obtained in this study, 

reflects the Random Forest model’s correct ranking 

and discriminative ability for both high and low-gain 

students. This evidence supports its adoption for 

supporting teaching needs and developing accurate 

learning diagnostic system. 

A comparison of the study’s correlation 

score with similar study correlation range (r ≈ 0.4–

0.6; Zimmerman, 2019) showed that log-based 

behavioural indicators capture self-regulation more 

directly than subjective questionnaires. The addition 

of constraints to prompts has a positive effect on the 

responses from this study. It therefore aligns with 

Liu et al., (2025) findings that constraint addition 

enhances task completion. This empirical finding 

recommends that students be taught how to add 

constraints to prompts.  

Actionable implications for classroom practice from 

this study include equipping educators with skills to 

accurately flag low SRS students in a course. This 

may necessitate individualized training on prompt 

revision techniques for improvement. The problems 

of privacy concerns highlighted in literature are also 

eliminated.  Student’s data need not leave the 

institution infrastructure, their data are utilized 

locally within an Orange installed personal 

computer.  This approach aligns with emerging 

ethical frameworks for student data utilization in AI-

enhanced learning environments. 

 

Limitations and future work 

Limitations from these points of views are 

considered.  Self-regulation may develop or decay 

over time.  Therefore, the duration of two weeks 

utilized in this study limits its generalisability to 

longer academic semesters.  A full semester in 

higher institutions of learning may last for months as 

approved by the institution senate.   

The self-reported usefulness ratings from 

students, without a verified prior AI experience 

provide imbalance assessment of their skills. In a bid 

to avoid been tagged as incompetent, students may 

provide a false report of their prompting skills. 

Samples for the study were undergraduate students.  

The results may not replicate for students in 

secondary schools or technical institutions. The 

single revision taxonomy adopted may misclassify 

complex revisions.  Larger samples of the test 

dataset may improve generalisability than the 

utilized test instances (n = 488). 

Addressing these limitations in future work 

will involve engaging in a longitudinal study for a 

full semester. This could aid in determining if SRS 

improves with prompt engineering techniques. It 

would also check if the improvement can be
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sustained for an extended duration. Embedding the 

Orange workflow into a real-time system’s 

dashboard will be beneficial to both instructors and 

institution management. Students with SRS below a 

given threshold can be easily identified for remedial 

actions. Replication of the study across secondary 

schools, universities, vocational and technical 

colleges should also be carried out for 

generalization.  

 

Conclusion 

An evidence-based and privacy preserving 

method for using prompt revision behaviour to 

predict student self-regulation is provided in this 

study. Self-Regulation Score (SRS) correlates 

strongly with learning gain (r = .87).  The utilized 

machine learning model performance is also 

recommendable for similar research.  The Orange 

workflow reduces the educators’ task in 

implementing rigorous data driven decision 

processes. It offers a no coding framework to support 

students learning. As generative AI is becoming 

useful in digital classrooms, it is required that 

students and instructors are well equipped with 

prompting skills to achieve their desired learning 

outcome. This study offers a validated step in that 

direction. 
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