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ABSTRACT 

 

The rapid adoption of generative artificial intelligence (GenAI) in 

higher education has changed how students plan, draft, revise, and 

complete assessment tasks. However, there is still limited evidence on 

how instructional guidance shapes students’ experiences with these 

tools. This study examined whether guided use of generative AI, de-

fined as the use of structured prompting protocols, required human-

in-the-loop critical reflection, and verification workflows, produces 

different outcomes from unguided use. A quantitative, quasi-experi-

mental, cross-sectional comparison was employed involving 50 un-

dergraduate students from information technology-related pro-

grams, with 25 students in the guided AI use group and 25 in the un-

guided AI use group. Student engagement and learning satisfaction 

were measured using multi-item Likert-scale subscales administered 

through an online post-assessment survey, and group differences 

were analyzed using independent-samples t-tests after assumption 

checks for normality and homogeneity of variance. Results showed 

that the guided AI use group reported significantly higher student en-

gagement than the unguided group. The guided group likewise ob-

tained significantly higher learning satisfaction than the unguided 

group. These findings indicate that AI does not improve educational 

outcomes through access alone. Instead, its value depends on peda-

gogical structure, explicit expectations, and instructor support. The 

study provides quantitative evidence that guided AI use can promote 

more active engagement and more satisfying assessment experiences 

than unguided use. It also offers practical implications for designing 

AI-supported assessment in higher education. 
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Introduction 
Artificial intelligence (AI) has moved from 

novelty to routine in many sectors, and higher 
education is no exception (Basch et al., 2025; 
Delello et al., 2025; Hooda et al., 2022). The 
growing use of AI in higher education has trans-
formed the ways students interact with assess-
ment, academic writing, and classroom learn-
ing processes. Generative AI (GenAI) tools such 
as ChatGPT, Gemini, and Grammarly are in-
creasingly used by students for idea genera-
tion, summarization, drafting, revision, and 
feedback seeking. As a result, AI is becoming 
more integrated into everyday academic prac-
tice (Baidoo-Anu & Ansah, 2023; Chan & Hu, 
2023; Rasul et al., 2023; Yeung, 2025). In higher 
education evaluations, GenAI is increasingly in-
tegrated in how students learn more (Kestin et 
al., 2025), and into students' planning, compos-
ing (Hostetter et al., 2024), and revising of writ-
ten and oral assignments (Zhao, 2024), impact-
ing both assessment outcomes and the pro-
cesses of learning and evaluation. In this con-
text, the key question is no longer whether stu-
dents use AI, but under what instructional con-
ditions AI supports learning rather than dis-
placing it. 

The literature so far offers two competing 
stories. On one side, AI-supported assessment 
can improve feedback quality, stimulate cogni-
tive and metacognitive growth, and create gen-
uinely positive learning experiences (Otto et al., 
2025; Zhao, 2024). On the other, researchers 
warn of overreliance, passive learning, weak 
verification habits, academic dishonesty, and 
sagging motivation when students are left to 
use these tools without pedagogical direction 
(Borges et al., 2026; Kim et al., 2025; Yusuf et 
al., 2024). These contrasting findings indicate 
that the educational implications of AI are 
shaped less by the technology itself than by the 
design of the learning environment in which it 
is used (Zhao, 2024). 

Student engagement has become an im-
portant lens for understanding these issues be-
cause it reflects students’ attention, effort, mo-
tivation, and cognitive involvement in learning 
activities. It is often treated as a key indicator 
of meaningful learning. Prior studies show that 
GenAI can deepen emotional and cognitive en-
gagement when it is embedded in activities 

with clear expectations and strong instruc-
tional support (Guo et al., 2025; Yang, 2025). 
However, weakly structured settings tend to 
produce superficial participation (Cassim & 
Yang, 2025). 

Learning satisfaction is likewise central 
when evaluating AI-supported assessment, be-
cause it captures how coherent, fair, and educa-
tionally meaningful students find the experi-
ence. Satisfaction tends to increase when AI is 
perceived as useful (Almulla, 2024), easy to 
use, transparent, enjoyable (Kim et al., 2025), 
and aligned with task expectations (Yang, 
2025). When instructional expectations are 
clear, AI may be perceived as a constructive ac-
ademic support. However, when ethical bound-
aries and procedures are vague, students may 
experience uncertainty, distrust, and tension 
between originality and convenience (Almulla, 
2024).  

Within the broader debate on AI in educa-
tion, it is important to distinguish between 
guided and unguided use. Guided AI use refers 
to assessment conditions in which instructors 
provide clear direction on when and how stu-
dents may use AI. This direction may include 
guidance on developing prompts, procedures 
for evaluating and verifying AI-generated out-
puts, and ethical expectations for incorporating 
AI assistance into coursework. By contrast, un-
guided AI use refers to situations in which stu-
dents are free to use AI tools with little or no 
structured support from the instructor (Otto et 
al., 2025). Existing evidence suggests that these 
conditions may produce different learning ex-
periences. However, direct quantitative com-
parisons remain limited in authentic classroom 
contexts (Morgana & Poli, 2026). Despite re-
cent developments in the use of GenAI in edu-
cation, there is still limited empirical work di-
rectly comparing students who receive clear AI 
usage instructions and those who do not (Guo 
et al., 2025; Zhao, 2024). 

The present study addresses this gap by 
comparing guided and unguided AI use in 
higher education assessments, with specific at-
tention to student engagement and learning 
satisfaction (Almulla, 2024; Otto et al., 2025). 
Addressing this gap is significant for informing 
evidence-based guidelines on AI integration in 
higher education assessments and for ensuring 
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that AI-supported evaluation practices pro-
mote meaningful engagement and satisfying 
learning experiences. This study has two objec-
tives: first, to compare student engagement be-
tween guided and unguided AI use in assess-
ments, and second, to compare student satis-
faction between these two conditions. The 
study is situated in undergraduate classes in 
the Philippines, where AI use in assessment is 
increasingly visible but institutionally uneven. 
By comparing two groups exposed to similar 
assessment tasks but different levels of instruc-
tional guidance, the study aims to provide evi-
dence on whether structured AI integration is 
associated with more favorable student out-
comes, thereby contributing to emerging dis-
cussions on responsible AI adoption, digital 
pedagogy, and assessment design. 

 
Materials and Methods 
Research Design 

The study examined a quantitative, cross-
sectional, quasi-experimental two-group com-
parative design to examine whether explicit in-
structional guidance on AI use in assessment 
was associated with differences in students’ en-
gagement and learning satisfaction. The design 
was quasi-experimental because students were 
not individually and randomly assigned to the 
two conditions. One intact class served as the 
guided AI-use group. The unguided AI-use 
group was formed by randomly selecting stu-
dents from two comparable classes. Because 
the study included two independent groups 
and two continuous outcome variables, inde-
pendent-samples t-tests was employed as the 
primary inferential procedure. This test is suit-
able for determining whether the mean scores 
of two unrelated groups differ significantly on 
a continuous measure (Mishra et al., 2019), 
namely, student engagement and learning sat-
isfaction. The grouping variable was coded as 0 
= unguided AI use and 1 = guided AI use. 

 
Participants and Sampling 

The participants were 50 undergraduate 
students enrolled in information technology-
related programs at a single higher education 
institution in Manila, Philippines. The guided AI 
use condition consisted of one intact class with 
25 students, while the unguided condition 

drew 25 students randomly from two compa-
rable classes. Purposive sampling was used at 
the class level because the selected classes 
were relevant to the research problem and 
comparable in disciplinary orientation (Etikan 
et al., 2016), while random selection within the 
unguided pool improved balance between the 
groups. Group sizes were deliberately kept 
equal, since balanced designs make the accom-
panying tests more robust (Cohen, 1992a; 
Winer et al., 1991). Across both conditions, stu-
dents were predominantly first-year and sec-
ond-year undergraduates, which provided rea-
sonable comparability in academic level and 
day-to-day familiarity with technology. 

This sampling approach may introduce se-
lection bias. Intact classes bring pre-existing 
characteristics to the study, including exposure 
to the same instructor, an established class-
room culture, and study habits developed over 
time. Randomly selecting students from the un-
guided group may reduce some differences be-
tween participants, but it cannot fully account 
for these pre-existing class-level influences. Ac-
cordingly, the findings of this study are inter-
preted as associations observed under quasi-
experimental conditions, rather than as defini-
tive evidence of causal effects. 

In the guided AI condition, students re-
ceived explicit instructions on when and how to 
use AI during assessment tasks. In practice, the 
guidance followed a simple protocol. Before 
opening any tool, students first attempted the 
task themselves and wrote down their own rea-
soning. They then used ChatGPT or Google 
Gemini with a brief series of prompts from the 
instructor. For instance, they may ask the tool 
to explain the reasoning behind a scenario-
based inquiry before seeking an answer, or 
they could ask for two different answers side 
by side. The next phase involved students plac-
ing the AI outputs next to their own draft rea-
soning, noting at least one claim they wanted to 
check against the course materials, and identi-
fying where the tool agreed, disputed, or con-
tributed something new. Only after this check-
ing step could AI-generated content be incor-
porated, and anything incorporated had to be 
restated in the student’s own words. Gram-
marly was recommended for polishing the final 
text. A typical worked example: for a scenario-
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based question, students asked Gemini to gen-
erate two defensible answers, challenged the 
weaker one with a follow-up prompt, and then 
wrote a short justification, in their own voice, 
for the answer they finally chose. 

In contrast, the unguided AI use condition 
comprised students from two similar classes. In 
these classes, tools such as ChatGPT, Gram-
marly, and QuillBot were available and permit-
ted, but the instructor did not provide explicit 
prompts, examples, or step-by-step procedures 
for using them. All classes were 3-hour sessions 
taught by technology-proficient faculty using 
comparable technological infrastructure, in-
cluding a learning management system, video 
conferencing tools, and institutional email, 
thereby reducing extraneous variability in ac-
cess to digital resources across groups. 

 
Measures 

Guided AI use referred to conditions in 
which students received explicit instructions 
and structured support on when and how to 
use AI tools during the assessment. Unguided 
AI use referred to conditions in which students 
could use AI tools at their discretion, without 
such procedural guidance. 

The study employed two dependent varia-
bles: student engagement and learning satis-
faction. Student engagement was measured 
through a nine-item scale reflecting active par-
ticipation, effort, motivation, interest, and cog-
nitive involvement in learning activities involv-
ing AI tools. Learning satisfaction was meas-
ured through a six-item scale assessing stu-
dents’ satisfaction with AI use in the class, per-
ceived improvement in learning experience, at-
tainment of learning goals, and overall satisfac-
tion with outcomes.  
 
Instrument 

The online questionnaire was developed 
with reference to the Technology Acceptance 
Model (Davis, 1989) and recent studies on 
GenAI-supported learning, although only the 
engagement and satisfaction subscales served 
as focal outcomes in the present analysis. The 
engagement and satisfaction questions were 
adapted from Handelsman et al. (2005) and Al-
mufarreh (2024) respectively. The student  
 

engagement scale consisted of nine items and 
the learning satisfaction scale consisted of six 
items, all answered on a 5-point Likert scale (1 
= strongly disagree to 5 = strongly agree). For 
each subscale, item scores were averaged to 
form composite indices. Internal consistency 
reliability was examined using Cronbach’s α, 
and an exploratory factor analysis was con-
ducted to examine the underlying factor struc-
ture of the instrument. Faculty experts re-
viewed the instrument for clarity and rele-
vance, and a small pilot group of students pro-
vided feedback for minor refinement of the in-
strument questions. 

 
Data Collection Procedure 

Data were collected at the end of the in-
structional period in April 2026 through a post-
assessment online survey administered after 
the completion of the classroom assessment ac-
tivities. The questionnaire was delivered using 
Google Forms, which allowed students to re-
spond electronically using their institutional 
accounts. This timing allowed to capture stu-
dents’ reported engagement and satisfaction 
immediately after they experienced the AI-sup-
ported assessment in their respective condi-
tions. 

 
Ethical Considerations 

Before accessing the survey, participants 
were informed about the purpose of the study, 
the voluntary nature of participation, and con-
fidentiality measures, and they indicated their 
consent through an acknowledgment item em-
bedded in the form. 

 
Declaration of AI-Assisted Writing 

To support transparency, the author dis-
closes limited use of Google Gemini, Gram-
marly, and QuillBot to check grammar, refine 
syntax, and copy-edit author-written drafts. 
These tools were not used to generate any sec-
tion of the manuscript from scratch. 

The author designed the study, collected 
and analyzed the data, interpreted the findings, 
and developed all substantive arguments. The 
author reviewed and verified the final manu-
script and accepts full responsibility for its con-
tent. 
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Data Analysis 
Survey data from Google Forms were ex-

ported to Microsoft Excel for initial preparation 
and cleaning. In Excel, Likert-scale items were 
coded numerically using a 5-point scale, where 
5 = Strongly agree, 4 = Agree, 3 = Neutral, 2 = 
Disagree, and 1 = Strongly disagree. Composite 
scores for student engagement and learning 
satisfaction were computed as the mean of 
their respective items, with higher values indi-
cating higher engagement and higher satisfac-
tion. 

Subsequent analyses were conducted using 
Jamovi. Descriptive statistics, including fre-
quency, mean, median, standard deviation, 
minimum, maximum, skewness, kurtosis, and 
Shapiro–Wilk statistics, were generated for 
student engagement and learning satisfaction 
separately for the guided and unguided groups. 
These descriptives confirmed that each group 
contained 25 respondents and that the guided 
group obtained higher average scores on both 
outcomes than the unguided group. Assump-
tion checks included tests of normality 
(Shapiro–Wilk, supplemented by additional 
normality tests and visual inspection) and ho-
mogeneity of variances (Levene’s test and vari-
ance ratio tests) for each outcome by group. 

Independent-samples t-tests were con-
ducted in Jamovi to compare the mean scores 
of the guided and unguided groups on student 
engagement and learning satisfaction. The as-
sumption checks indicated that variances were 
homogeneous and that deviations from nor-
mality were moderate, supporting the use of 
the Student independent-samples t-test as the 
primary inferential method. 

 
Result and Discussion 
Descriptive Results 

The guided AI use group obtained higher 
mean scores than the unguided group on both 
outcome variables. For student engagement, 
the guided group (n = 25) had a mean of 4.27 
SD = 0.56, whereas the unguided group (n = 25) 
had a mean of 3.84 SD = 0.57. For learning sat-
isfaction, the guided group had a mean of 4.17 
SD = 0.69, while the unguided group had a 
mean of 3.72 SD = 0.65. These values already 
suggested that students who received explicit 
AI guidance reported more favorable experi-
ences than those who used AI without struc-
tured support. The descriptives are presented 
below in Table 1. 

 
Table 1. Descriptive statistics for student engagement and learning satisfaction by group 

  Group N Mean Median SD SE 

Student Engagement 0 25 4.27 4.11 0.555 0.111 

1 25 3.84 3.89 0.571 0.114 

Learning Satisfaction  0 25 4.17 4 0.693 0.139 

1 25 3.72 3.83 0.645 0.129 

Visual and numerical distribution checks 
indicated relatively symmetric distributions 
without severe outliers for both variables. The 
means and medianswithin groups were closely 

aligned, suggesting limited skewness in the 
composite scores. The Quantile-Quantile (Q-Q) 
plots for Student Engagement and Learning 
Satisfaction are presented below in Figure 1.

 
 
 
 
 
 
 
 
 
 

Figure 1. Quantile-quantile plots for Student Engagement and Learning Satisfaction 
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Homogeneity of variance assumptions 
were also met, as Levene’s tests were non-sig-
nificant for student engagement F(1,48) = 0.57, 
p = .454 and learning satisfaction F(1,48) = 
1.43, p = .238. Although the Shapiro–Wilk test 
for learning satisfaction was statistically signif-

icant W = 0.94, p = .015, the combined assump-
tion checks and balanced group sizes sup-
ported the robustness of the independent-sam-
ples t-test for the present analysis. The test re-
sults of homogeneity of variance are presented 
below in Table 2. 

 
Table 2. Homogeneity of Variances 

   F df df2 p 

Student Engagement 
Levene's 0.571 1 48 0.454 

Variance ratio 0.943 24 24 0.887 

Learning Satisfaction  
Levene's 1.427 1 48 0.238 

Variance ratio 1.154 24 24 0.728 

Given the continuous outcomes, the bal-
anced two-group design, and the assumption 
checks, the independent-samples t-test was re-
tained as the main inferential approach and 
was deemed appropriate for addressing the re-
search objectives (Ghasemi & Zahediasl, 2012; 
Sawilowsky & Blair, 1992). 

 
Inferential Results 

Considering the level of measurement of 
the outcomes, the balanced two-group design, 
and the assumption checks, the student inde-
pendent-samples t-test (Ghasemi & Zahediasl, 
2012; Sawilowsky & Blair, 1992) was retained 
as the main inferential approach, and deemed 
appropriate for addressing the study’s central 
research questions about mean differences in 
engagement and satisfaction between guided 
AI use and unguided AI use in higher education 
assessment. 

Independent-samples t-tests revealed sta-
tistically significant differences between the 
guided and unguided groups for both student 
engagement and learning satisfaction. For stu-
dent engagement, the guided AI use group (M 
=4.27, SD = 0.56, n = 25) scored significantly 
higher than the unguided AI use group (M = 
3.84, SD = 0.57, n = 25), t(48) = 2.65, p =.011, 
mean difference = 0.42, 95% CI [0.10, 0.74], d = 
0.75. This finding suggests that students who 
received structured AI instructions showed 

higher engagement than those who used AI 
without explicit guidance. 

A similar pattern was observed for learning 
satisfaction. Students in the guided AI use 
group (M = 4.17, SD = 0.69, n = 25) reported sig-
nificantly higher satisfaction than students in 
the unguided AI use group (M = 3.72, SD = 0.65, 
n = 25), t(48) = 2.39, p = .021, mean difference 
= 0.45, 95% CI [0.07, 0.83], d = 0.68. This result 
indicates that explicit instructional guidance on 
AI use was associated with higher satisfaction 
with the learning experience. 

In terms of effect size, the observed Cohen’s 
d values (Cohen, 1992b) indicate that both dif-
ferences were not only statistically significant, 
but also practically meaningful. In practical 
terms, the guided condition produced moder-
ate improvements in both engagement and sat-
isfaction. The effect size for student engage-
ment (d = 0.75) approaches a moderate-to-
large range, while the effect size for learning 
satisfaction (d = 0.68) falls within the moderate 
range, indicating that the guided AI use condi-
tion had a meaningful positive association with 
both outcomes. These results suggest that 
structured AI guidance contributes positively 
to students’ engagement and satisfaction in 
higher education assessment contexts. The in-
dependent samples t-test are presented below 
in Table 3. 
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Table 3. Independent-Samples T-Test Results for Guided Versus Unguided AI Use 

  
95% Confidence 

Interval 
  

  Statistic df p 
Mean 

difference 

SE 

difference 
Lower Upper  Effect 

Size 

Student 

Engagement 

Student's 

t 
2.65 48 0.011 0.422 0.159 0.1021 0.742 Cohen's d 0.75 

Learning 

Satisfaction 

Student's 

t 
2.39 48 0.021 0.453 0.189 0.0726 0.834 Cohen's d 0.67 

Note. Guided group n = 25; unguided group n = 25.  

 
The outcomes of this research reveal that 

guided use of AI in assessment differs from un-
guided use of AI in terms of student involve-
ment and learning satisfaction among under-
graduate students. Students who received ex-
plicit guidance on how to use AI tools reported 
significantly higher engagement and signifi-
cantly higher learning satisfaction than stu-
dents who used AI without structured instruc-
tional support. These findings give empirical 
support for the main premise of this research 
that the educational impacts of AI in higher ed-
ucation are shaped not simply by access to the 
technology itself, but by the pedagogical condi-
tions under which that technology is intro-
duced and utilized. 

For student engagement, the guided group 
obtained significantly higher scores than the 
unguided group, suggesting that structured AI 
guidance may promote more active, effortful, 
and cognitively focused participation in assess-
ment-related learning. This finding is con-
sistent with prior studies suggesting that gen-
erative AI can enhance emotional and cognitive 
engagement when it is embedded in contexts 
characterized by meaningful support and in-
structional challenge (Guo et al., 2025; Yang, 
2025). In particular, Guo et al. (2025) argued 
that AI has no inherent educational value in the 
absence of the instructional design that sur-
rounds it, and the current results are consistent 
with the position in that students were more 
engaged when AI use was guided by explicit in-
structor direction rather than left to autono-
mous experimentation. The result also reso-
nates with Yang’s (2025) claim that AI-sup-
ported learning can strengthen motivation and 
cognitive engagement when students are 
guided toward purposeful interaction with the 

technology, rather than using it in a conven-
ience-driven way. 

 
Practical Implications 

The findings carry practical implications for 
higher education instructors and academic 
leaders. First, AI-supported assessment should 
be accompanied by explicit guidance on when 
AI may be used, how outputs should be evalu-
ated, and how generated content can be incor-
porated ethically into student work. Second, in-
stitutions should consider developing stand-
ardized AI-use guidelines or classroom proto-
cols that reduce ambiguity and promote re-
sponsible student behavior during assess-
ments. Third, digital pedagogy initiatives 
should move beyond tool familiarization and 
focus instead on structured academic uses of AI 
that preserve cognitive demand and student 
agency. 

For curriculum designers, AI guidance 
should be built into the curriculum rather than 
left to individual classroom decisions. Short AI-
literacy components, including prompt devel-
opment, output verification, and ethical use, 
can be incorporated into assessment criteria 
and rubrics so that students receive consistent 
guidance across course sections. Assessment 
criteria should also value the process behind 
AI-supported work, including how students 
verify, evaluate, and justify their use of AI, ra-
ther than rewarding only a polished final out-
put that AI can easily create. 

More broadly, the findings suggest that suc-
cessful AI integration requires more than ac-
cess to digital tools. Institutions need clear pol-
icies, practical guidance, and instructional pro-
cesses that preserve students’ cognitive en-
gagement and agency. Providing unguided  
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access may expand availability, but structured 
use is more likely to support positive learning 
experiences. 

 
Limitations 

This study was conducted with students 
from a single higher education institution in 
Manila, Philippines. Therefore, the findings 
may not generalize to other institutional, cul-
tural, or disciplinary settings. The sample was 
drawn from IT programs, and future research 
should include students in humanities and 
business disciplines to examine whether disci-
plinary context affects the value of guided AI 
use. 

In addition, the study used intact classes ra-
ther than fully randomized assignment. Alt-
hough efforts were made to improve group 
comparability, pre-existing differences be-
tween classes may still have influenced the re-
sults. The study also relied on self-reported 
measures of engagement and learning satisfac-
tion rather than behavioral indicators or aca-
demic performance outcomes. 

Finally, the intervention covered only one 
two-week assessment cycle. Longer-term stud-
ies across multiple assessments are necessary 
to determine whether the observed benefits of 
guided AI use persist over time. 

 
Conclusion 

This study provides quantitative evidence 
that guided AI use in higher education assess-
ments is associated with higher student en-
gagement and higher learning satisfaction than 
unguided AI use. Students who received ex-
plicit instruction on how to use AI during as-
sessment reported more positive learning ex-
periences than students who were merely al-
lowed to use AI without structured support. 
These findings indicate that AI becomes more 
educationally valuable when embedded within 
clear pedagogical expectations, ethical bounda-
ries, and purposeful classroom procedures. 
More broadly, the study suggests that the suc-
cess of AI-supported assessment depends not 
only on the availability of generative tools but 
also on the quality of instructional design, in-
cluding how instructors frame tasks, model AI 
use, and set ethical expectations. Future re-

search may extend this work by including aca-
demic performance outcomes, comparing mul-
tiple levels of guidance, and using mixed-
method or longitudinal approaches to capture 
how students’ experiences with guided AI use 
develop over time. 

 
The main findings (novelty) and why 
they are important and useful: 

This study shifts empirically from examin-
ing whether students use Generative AI 
(GenAI) to examining how instructional design 
determines the quality of GenAI use. This study 
offers quantitative evidence that provides the 
results of guided AI use from unguided AI usage 
in classrooms, while previous research mostly 
remained concentrated on tool-specific per-
spectives. This study provides significant impli-
cations for educators, academic leaders, and re-
searchers. This study supports the role of edu-
cators as pedagogical mediators in the AI era 
for structured development. Likewise, this 
study offers data-driven justification for mov-
ing beyond “ban or allow AI policies” in educa-
tional institutions. It emphasizes that success-
ful AI integration is a matter of academic gov-
ernance. Finally, this study establishes a base-
line for future comparative studies involving 
academic performance and longitudinal effects 
of structured GenAI use. 
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