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Abstract
This exploratory cross-sectional study compared how students, faculty members, and administrators at
a Philippine public university evaluated ethical considerations, inclusivity, and the perceived societal
impact of artificial intelligence in higher education. The sample comprised 290 purposively recruited
stakeholders: 185 students, 65 faculty members, and 40 administrators. Three prespecified composite
indices covered ethical considerations, inclusivity, and perceived societal impact. Reliability estimates,
Welch tests, Games–Howell comparisons, Pearson correlations, and role-adjusted ordinary least-
squares regressions with HC3 heteroskedasticity-robust standard errors were computed. Stakeholder
roles differed in inclusivity and perceived societal-impact ratings but not in ethical-consideration ratings.
Students rated inclusivity higher than faculty members, whereas administrators reported more positive
perceived-societal-impact ratings than students and faculty members. Ethical-consideration ratings were
positively associated with inclusivity. After stakeholder role was controlled, both ethical considerations
and inclusivity remained independently associated with perceived societal impact; the model explained
39.3% of the variance. These findings reveal divergence between strategic and classroom perspectives
and support participatory institutional governance that integrates ethical safeguards, accessibility,
infrastructure readiness, and stakeholder consultation. Because the ethical-considerations index had low
internal consistency and the sample came from one institution, the results should be interpreted as
exploratory rather than as validated or nationally representative estimates.

Introduction
Artificial intelligence is reshaping higher education through generative tools, learning analytics,
automated feedback, academic advising, and institutional decision support. Reviews of the field
document applications in prediction, assessment, tutoring, personalization, and institutional services,
while also noting that educator perspectives have historically received less attention [1], [2]. Generative
AI may widen access to learning, support differentiated instruction, and increase administrative
efficiency, but its educational value depends on how well institutions manage limitations such as
inaccurate output, overreliance, and uneven user capability [3], [4], [5]. Consequently, institutional
adoption cannot be evaluated solely through technical performance. It must also be examined through
the experiences and judgments of the people who teach with, learn through, and govern AI-enabled
systems. Recent syntheses likewise describe generative AI as simultaneously expanding instructional
possibilities and creating new risks for reliability, assessment, and human oversight [6], [7], [8], [9].

Ethical AI frameworks commonly emphasize respect for autonomy, prevention of harm, fairness,
explainability, and accountable governance [10], [11], [12]. Within higher education, these principles have
practical consequences. Data-intensive tools may collect sensitive learner information; opaque models
may influence assessment or support decisions without understandable explanations; and large
language models may reproduce biases and other harms embedded in training data and development
practices [13], [14], [15], [16]. Value-sensitive design can help translate ethical principles into concrete
educational technology decisions [17]. Academic-integrity concerns likewise require assessment
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redesign, clear disclosure rules, and education about responsible use rather than reliance on detection
alone [18], [19]. Ethical safeguards therefore operate not only as policy commitments but also as
conditions that may influence stakeholders’ confidence in institutional AI use. International guidance
consequently emphasizes human rights, educator responsibility, teacher AI competencies, and
institution-wide ethical capacity [20], [21], [22], [23].

Inclusivity is related to, but distinct from, ethical governance. Inclusive educational technology should
reduce rather than reproduce barriers, remain usable across diverse abilities and circumstances, and
support meaningful participation. Human-centred guidance for generative AI emphasizes data privacy,
age-appropriate use, equitable access, and protection of human agency [24]. However, AI availability
does not automatically produce inclusion. Benefits may be uneven when learners differ in connectivity,
devices, accessibility support, language, or AI literacy [25], [26]. Stakeholders may therefore evaluate
inclusion through their direct experience of whether AI tools expand or constrain participation. Global
and higher-education analyses indicate that educational technology contributes to equitable learning
only when relevance, access, pedagogy, and user capability are addressed together [27], [28].

Perceived societal impact represents a broader evaluation of whether AI contributes to educational
equity, responsible innovation, public trust, and the future of teaching and learning. Such evaluations may
reflect both immediate experiences of accessibility and wider beliefs about fairness and institutional
accountability [29], [30], [31]. Student evidence shows that perceived benefits such as personalized
support and efficiency coexist with concerns about accuracy, privacy, fairness, and academic integrity
[32]. Students, faculty, and administrators may therefore not evaluate these matters in the same way.
Administrators may view AI through institutional strategy and governance, faculty through classroom
implementation and professional responsibility, and students through usability, access, and learning
experience. Responsible-AI scholarship further emphasizes trustworthy service design, human control,
reliability, safety, and human-centred outcomes [33], [34].

Much AI-in-education research examines adoption intentions, performance, or normative principles
separately. Fewer empirical studies compare ethical considerations, experienced inclusivity, and
perceived societal impact across students, faculty members, and administrators within the same
institution. This omission matters because role-based judgments may reveal gaps between institutional
strategy and classroom experience that single-group studies cannot detect. The Philippine setting adds
more than geographical variation: rapid AI uptake occurs alongside uneven infrastructure, digital literacy,
access, and institutional readiness, making the relationship between responsible governance and
inclusion especially consequential. Current university policy studies document continuing variation in
institutional AI guidance and the need for clearer, context-sensitive governance frameworks [35], [36].

Philippine evidence shows that instructors and administrators recognize AI's value for teaching,
research, and administrative work while expressing concerns about reliability, ethics, preparedness, and
institutional guidance [37]. Nationally oriented scholarship emphasizes the need for HEIs to weigh
benefits against risks and develop coherent policies before embedding AI broadly in curricula [38].
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Research on Philippine IT education further identifies limited resources, connectivity, technical expertise,
and digital inequity as practical constraints on AI integration [39]. These conditions make inclusivity
inseparable from infrastructure and institutional capacity.

The survey operationalized three areas of stakeholder perception through 14 closed-ended items: four
items on ethical considerations, five on inclusivity, and five on perceived societal impact. These a priori
groupings were used to calculate three composite indices, and their internal consistency is reported
transparently. The indices are treated as exploratory measures because the available instrument
documentation does not provide sufficient evidence of factor structure, convergent validity, or
discriminant validity. Accordingly, the study does not interpret individual items as separate ethical or
design constructs.

Accordingly, this exploratory study addressed five questions: how the three stakeholder groups
evaluated ethical considerations, inclusivity, and perceived societal impact; whether their ratings differed;
how the three indices were associated; whether ethical considerations were associated with inclusivity
after role adjustment; and whether ethical considerations and inclusivity were associated with perceived
societal impact after role adjustment.

Methods

Research design and setting
The study used a quantitative, cross-sectional survey design. Data were collected at Mindanao State
University-Iligan Institute of Technology (MSU-IIT), a public higher education institution in the southern
Philippines. The design was appropriate for describing stakeholder perceptions and estimating
associations among measured variables. Because all variables were measured at one time, the analyses
do not establish causality or temporal direction.

Participants and sampling
Purposive recruitment targeted MSU-IIT students, faculty members, and personnel serving in
administrative roles. The questionnaire introduced instructional, administrative, and analytical examples
of educational AI and asked respondents about their familiarity with such tools. The analysis included
290 complete responses: 185 students (63.8%), 65 faculty members (22.4%), and 40 administrators
(13.8%). Each participant was classified under one stakeholder role for analysis, although possible
overlap between teaching and administrative responsibilities was not measured. Age was recorded in six
categories and gender in three categories; one gender response was missing. The largest age categories
were 21–30 years (41.7%) and 18–20 years (31.7%). Table 1 summarizes the sample. Because invitation
counts, refusals, recruitment-channel details, and an institution-wide demographic benchmark were
unavailable, response rate, nonresponse bias, and proportional representativeness could not be
evaluated. The purposive, single-institution sample limits statistical generalization.
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Table 1
Participant profile (N = 290)

Characteristic Category n %

Stakeholder role Student 185 63.8

  Faculty member 65 22.4

  Administrator 40 13.8

Age 18–20 years 92 31.7

  21–30 years 121 41.7

  31–40 years 38 13.1

  41–50 years 26 9.0

  51–60 years 10 3.4

  Above 60 years 3 1.0

Gender Male 97 33.4

  Female 183 63.1

  Prefer not to say 9 3.1

  Missing 1 0.3

Note. Percentages may not sum to 100.0 because of rounding.

Research instrument
The questionnaire comprised demographic questions, an AI-familiarity question, a checklist of
instructional, administrative, and analytical AI tools, stakeholder-role categories, three open-ended
questions, and 14 closed-ended perception items rated on a five-point scale. The perception items were
organized a priori into ethical considerations (four items), inclusivity (five items), and perceived societal
impact (five items). Composite scores were calculated as the arithmetic mean of the items within each
domain, with higher values indicating more positive evaluations. No item responses were missing. The
familiarity checklist, educational-background responses, and open-ended answers were not included in
the quantitative analysis. Because the available instrument documentation does not establish content-
validity procedures, factor structure, convergent validity, or discriminant validity, the three composites are
treated as exploratory indices rather than validated latent scales.

Internal consistency was estimated with Cronbach’s alpha. Inclusivity (α = .829) and societal impact (α 
= .803) demonstrated good consistency for research use. The four-item ethical-considerations index
produced α = .581. Hair et al. [40] describe .60-.70 as potentially acceptable only in exploratory research;
thus, .581 falls slightly below even that provisional range. The index was retained as a transparent, a
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priori descriptive composite rather than presented as a validated scale, because deleting an item solely
to raise alpha would constitute an unsupported post hoc alteration. All estimates involving the index are
treated as provisional and subject to greater measurement error and possible attenuation.

Table 2
Descriptive statistics and internal consistency of the study indices

Index Items Possible range M SD Cronbach’s α

Ethical considerations 4 1–5 3.47 0.63 .581

Inclusivity 5 1–5 3.62 0.73 .829

Perceived societal impact 5 1–5 3.73 0.65 .803

Note. Higher scores indicate more positive perceptions. The ethical-considerations index is exploratory;
α = .581 is below the .60-.70 provisional range discussed by Hair et al. [40].

Data collection procedure
Participants received an information and consent form describing the study purpose, expected 10–15-
minute completion time, voluntary participation, confidentiality protections, possible risks and benefits,
withdrawal rights, and researcher contact details. They reviewed the consent information and indicated
agreement before answering the demographic, AI-familiarity, role, perception, and open-ended questions.
The quantitative analysis contained no names or direct personal identifiers. Invitation counts and
refusals were unavailable; therefore, the response rate and potential nonresponse bias could not be
determined.

Ethical considerations
The MSU-IIT University Ethics Review Board reviewed the study through an expedited procedure and
granted ethics clearance under UERB-2024-00013. The certification was issued on February 4, 2025,
following the submission dated December 5, 2024. Participation was voluntary, and informed consent
was obtained from all participants. Participants’ responses were handled confidentially. The youngest
age group was 18–20 years. All participants were therefore adults at the time of data collection.
Accordingly, the study involved adult participants only, and no parental permission was required.

Statistical analysis
Analyses used the 290 complete responses. Frequencies, percentages, means, and standard deviations
summarized the sample and study indices. Cronbach’s alpha assessed internal consistency; the ethical
index was prespecified as exploratory because α = .581 fell below conventional and exploratory
benchmarks [40]. Levene tests indicated unequal variances for ethical considerations (p = .016) and
inclusivity (p = .014); accordingly, Welch’s heteroskedasticity-robust omnibus test and Games-Howell
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pairwise comparisons were used for all role comparisons to maintain a consistent robust procedure. Eta
squared from the conventional decomposition is included as a descriptive effect-size estimate, with
percentile 95% confidence intervals obtained from 10,000 nonparametric bootstrap resamples stratified
by role.

Pearson correlations examined bivariate associations. Two ordinary least-squares regressions were then
estimated. The first regressed inclusivity on the ethical-considerations index and stakeholder role. The
second regressed societal impact on ethical considerations, inclusivity, and stakeholder role. Students
were the reference category, represented by administrator and faculty-member indicator variables.
Because the Breusch-Pagan test suggested heteroskedasticity in the inclusivity model (p = .019), HC3
heteroskedasticity-robust standard errors and confidence intervals were used for both models. Variance-
inflation factors ranged from 1.02 to 1.46, indicating no problematic multicollinearity. Statistical
significance was evaluated at α = .05. The term predictor is used in its statistical, not causal, sense.

Results

Descriptive results and stakeholder comparisons
Across the full sample, perceptions were moderately positive for ethical considerations (M = 3.47, SD = 
0.63), inclusivity (M = 3.62, SD = 0.73), and societal impact (M = 3.73, SD = 0.65). Administrators reported
the highest societal-impact mean, while faculty members reported the lowest means on all three indices
(Table 3).

Table 3
Study-index scores by stakeholder role and Welch omnibus tests

Index Administrators M
(SD)

Students
M (SD)

Faculty
M (SD)

Welch F
(df1,
df2)

p η² [95%
CI]

Ethical
considerations

3.49 (0.65) 3.52 (0.56) 3.31
(0.75)

2.05 (2,
84.27)

.135 .018
[.001,
.072]

Inclusivity 3.66 (0.73) 3.72 (0.65) 3.31
(0.88)

6.02 (2,
84.56)

.004 .054
[.014,
.126]

Perceived societal
impact

4.04 (0.60) 3.71 (0.58) 3.59
(0.79)

6.19 (2,
86.41)

.003 .042
[.011,
.103]

Note. Group sizes were 40 administrators, 185 students, and 65 faculty members. η² confidence
intervals are percentile intervals based on 10,000 nonparametric bootstrap resamples stratified by role.
Institutional population benchmarks and a response rate were unavailable; these groups are not claimed
to be proportionally representative.
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The Welch test found no statistically significant role difference in ethical considerations, p = .135.
Because the ethical index had modest reliability, this non-significant result should not be interpreted as
evidence that the groups were equivalent; measurement error may have reduced precision. Significant
role differences were found in inclusivity, p = .004, and societal impact, p = .003. Games-Howell
comparisons showed that students rated inclusivity higher than faculty members (mean difference = 
0.41, p = .002). The administrator-faculty comparison did not meet the .05 threshold under the
heteroskedasticity-robust procedure (p = .073), and administrators and students did not differ (p = .872).

For perceived societal impact, administrators scored higher than students (mean difference = 0.33, p =
.008) and faculty members (mean difference = 0.44, p = .004). Students and faculty members did not
differ significantly (p = .522). Games–Howell comparisons were used because the equal-variance
assumption was not consistently supported.

Table 4
Games-Howell comparisons for indices with significant Welch tests

Outcome Comparison Mean difference 95% CI p

Inclusivity Administrators - Students -0.06 [-0.36, 0.24] .872

  Administrators - Faculty 0.35 [-0.03, 0.73] .073

  Students - Faculty 0.41 [0.13, 0.70] .002

Perceived societal
impact

Administrators - Students 0.33 [0.08, 0.58] .008

  Administrators - Faculty 0.44 [0.12, 0.77] .004

  Students - Faculty 0.12 [-0.14, 0.37] .522

Note. Games-Howell pairwise comparisons are reported. Positive differences indicate that the first
listed group had the higher mean.

Associations among study indices
All three indices were positively correlated (Table 5). More positive ethical-consideration ratings were
associated with greater perceived inclusivity (r = .539, p < .001) and societal impact (r = .459, p < .001).
Inclusivity was also associated with societal impact (r = .570, p < .001). These moderate correlations
indicate related but nonidentical patterns of perception; they do not establish causal direction.
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Table 5
Pearson correlations among study indices

Index 1 2 3

1. Ethical considerations —    

2. Inclusivity .539*** —  

3. Perceived societal impact .459*** .570*** —

Note. N = 290. ***p < .001.

Role-adjusted regression models
The role-adjusted model for inclusivity was significant, F(3, 286) = 44.05, p < .001, R² = .316, adjusted R² =
.309. More positive ethical-consideration ratings were associated with higher inclusivity (B = .607, HC3
SE = .063, β = .517, p < .001). Because this predictor was measured with α = .581, its coefficient is
exploratory and may be attenuated or otherwise unstable because of measurement error. After ethical
considerations were held constant, faculty members had lower inclusivity ratings than students (B = 
− .289, p = .002), whereas administrators did not differ from students.

The societal-impact model was also significant, F(4, 285) = 46.13, p < .001, R² = .393, adjusted R² = .384.
Inclusivity had the largest standardized association with societal impact (B = .411, HC3 SE = .055, β 
= .466, p < .001). Ethical considerations remained independently associated with societal impact (B =
.221, HC3 SE = .067, β = .213, p = .001), although this coefficient is provisional because the index is
subject to greater measurement error than the other scales. Administrators reported higher societal-
impact ratings than students after the two perception indices were held constant (B = .359, p < .001);
faculty members did not differ significantly from students.
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Table 6
Role-adjusted regressions with HC3 robust standard errors

Outcome / predictor B HC3 SE β Robust p 95% robust
CI

Inclusivity (R² = .316)          

Intercept 1.586 .231 — < .001 [1.133, 2.040]

Ethical considerations .607 .063 .517 < .001 [.484, .731]

Administrator − .048 .112 − .022 .670 [-.267, .172]

Faculty member − .289 .095 − .165 .002 [-.475, − .104]

Perceived societal impact (R² =
.393)

         

Intercept 1.402 .199 — < .001 [1.013, 1.791]

Ethical considerations .221 .067 .213 .001 [.089, .352]

Inclusivity .411 .055 .466 < .001 [.303, .518]

Administrator .359 .094 .192 < .001 [.175, .543]

Faculty member .099 .082 .064 .226 [-.061, .260]

Note. N = 290. Student was the reference group. β denotes the standardized coefficient. HC3 standard
errors were used because of evidence of heteroskedasticity.

Discussion
This exploratory study examined university stakeholders’ ratings of ethical considerations, inclusivity,
and perceived societal impact. Three findings emerged. First, respondents generally provided moderately
positive ratings, although faculty members were more reserved about inclusivity than students. Second,
administrators expressed more positive perceived-societal-impact ratings than students and faculty
members. Third, ethical-consideration and inclusivity ratings were moderately associated with perceived
societal impact, with inclusivity showing the stronger independent association. These findings describe
patterns in the study sample and should not be interpreted as effects of objectively measured AI
practices.

Ethical considerations and inclusivity
The association between ethical considerations and inclusivity suggests that stakeholders who perceive
AI use as more ethically responsible also tend to regard it as more inclusive. This pattern is consistent
with responsible-AI frameworks in which fairness, transparency, privacy, and accountability provide
conditions for legitimate educational participation [10], [11], [41]. In educational settings, trust in data
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practices and decision processes may influence whether learners and educators view AI-supported
systems as acceptable for diverse users.

Nevertheless, the ethical-considerations index had modest internal consistency. It may combine several
distinct concerns rather than measure a single homogeneous construct. The positive coefficient should
therefore be interpreted as an exploratory association with a brief broad index, not as evidence that a
validated ethical-AI latent construct causes inclusivity. Future instrument development should define the
domains separately, use multiple items for privacy, fairness, transparency, and governance, and test the
resulting measurement structure before estimating their unique effects.

Inclusivity and perceived societal impact
Inclusivity had the largest independent association with perceived societal impact. Stakeholders may
judge AI’s broader social value partly through whether its educational use appears to expand
participation and respond to learner diversity. In the Philippine setting, this judgment cannot be
separated from access to reliable connectivity, electricity, suitable devices, accessible interfaces, and
technical support. Recent Philippine IT-education scholarship identifies limited resources, infrastructure,
expertise, digital literacy, and digital equity as persistent conditions shaping AI integration [39]. The
observed association may therefore reflect both pedagogical design and underlying resource access; the
present measure cannot disentangle them. This cautions institutions against equating innovation with
inclusion.

Ethical considerations remained independently associated with societal impact after inclusivity and role
were taken into account. Broader social legitimacy may therefore involve both the perceived
inclusiveness of educational experience and confidence that AI is governed responsibly. However, the
cross-sectional design cannot determine whether ethical confidence shapes societal evaluations,
whether optimistic societal evaluations influence ethical judgments, or whether both reflect a broader
orientation toward technology.

Stakeholder differences
Faculty members’ lower inclusivity ratings may reflect direct awareness of uneven student access,
variable AI literacy, assessment challenges, and the practical work of integrating emerging tools into
instruction. Studies of academic staff describe both productivity benefits and concerns involving
accuracy, ethics, changing professional roles, preparedness, and institutional guidance [37], [42], [43].
These concerns may resemble professional AI anxiety or skepticism, but the present survey did not
measure AI anxiety directly; it therefore cannot establish that anxiety explains the faculty difference.
Administrators’ higher societal-impact ratings may instead reflect institutional planning, innovation
priorities, and a broader strategic perspective. These explanations remain interpretations rather than
measured mechanisms, but the observed differences indicate that institutional AI policy should not be
based on a single stakeholder viewpoint. Related work shows that academics’ and students’ adoption
decisions are shaped by perceived ethics and academic integrity [44], [45]. AI-mediated systems are also
changing teacher–student communication and evaluation practices [46].
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Participatory governance may help align institutional strategy with classroom realities. Higher-education
policy scholarship recommends involving faculty and students in AI-policy development and providing
transparent guidance, professional learning, and ongoing ethical review [30], [47], [48]. Institutions should
translate these principles into accessible tools, meaningful alternatives, transparent data-use
communication, and mechanisms for reporting bias or exclusion. Comparative analyses of global ethics
policies further underscore the need to translate broad principles into institution-level rules and
accountable practices [49].

Theoretical and practical implications
The findings support treating ethical considerations, inclusivity, and perceived societal impact as three
related dimensions of stakeholder evaluation. Conceptually, they represent responsible use, participation
and access, and perceived wider consequences, respectively. Their moderate correlations indicate
statistical association without establishing construct validity, empirical identity, or causal ordering.

For practice, the findings favour an integrated institutional approach. Governance mechanisms such as
privacy safeguards, clear responsibility, transparency, and bias review should be accompanied by
inclusive design and implementation. This approach also requires scrutiny of whether ostensibly
beneficial AI applications actually serve educational and social goods in context [50]. Inclusive design
must cover low-bandwidth access, intermittent power, device limitations, disability access, language,
cost, and the option to complete learning tasks without compulsory reliance on a commercial AI system.
Philippine studies identify institutional and infrastructural conditions that make these measures
especially relevant [38], [39]. Based on these conditions, institutions should conduct accessibility audits,
user testing with diverse stakeholders, faculty consultation, AI-literacy programmes, infrastructure
assessment, offline or low-data alternatives, and periodic equity reviews.

Limitations and directions for future research
Several limitations substantially qualify the conclusions. The purposive sample came from one
Philippine university, and students constituted nearly two thirds of respondents; transferability and
subgroup precision are therefore limited. Invitation counts, response rate, recruitment-channel details,
data-collection dates, and institutional population benchmarks were unavailable, preventing evaluation
of representativeness and nonresponse bias. Familiarity responses, selected AI tools, and frequency of
use were not analyzed, so differences by type or intensity of AI experience could not be examined.
Stakeholder classification did not capture possible overlap between teaching and administrative
responsibilities. Age was categorical, and the “below 20” band did not distinguish respondents aged 18–
19 from any younger participant. The study measured ratings rather than observed accessibility, fairness,
educational outcomes, or societal effects of specified AI systems.

All measures were collected through the same self-report questionnaire at one time, creating possible
common-method bias and preventing causal inference. The ethical-considerations index had low internal
consistency, while the available questionnaire documentation did not establish the factor structure,
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convergent validity, or discriminant validity of the indices. The apparent relationships may consequently
be attenuated, inflated, or partly attributable to shared response tendencies.

Future studies should develop and validate multi-item scales for distinct ethical domains and inclusive-
design features; define the AI system or use case being evaluated; measure participants’ frequency and
type of AI use; retain invitation and response records; recruit probability or multi-institutional samples;
and combine surveys with interviews, usability testing, accessibility audits, and policy analysis.
Comparative analysis of institutional policies and national-level Philippine AI strategies is also needed to
connect campus experience with the wider governance environment identified by Asio and Soriano [38].
Longitudinal or intervention studies are required before claims about causal effects or mechanisms can
be supported.

Conclusion
Within this exploratory single-institution sample, stakeholders provided moderately positive ratings of
ethical considerations, inclusivity, and perceived societal impact, with differences by institutional role.
Students rated inclusivity higher than faculty members, while administrators reported more positive
perceived-societal-impact ratings than both students and faculty members. Ethical-consideration ratings
were associated with inclusivity, and both indices were associated with perceived societal impact after
role was statistically controlled.

These findings support AI governance that connects institutional ethics with stakeholders’ lived
educational experiences. At the same time, the evidence does not justify claims that particular ethical or
design features cause acceptance or inclusion. The ethical measure requires further development, and
the purposive single-institution sample cannot be assumed to represent Philippine HEIs with different
infrastructure, resources, populations, or policies. Responsible AI in higher education should therefore be
pursued as an iterative, participatory process in which ethical safeguards, inclusive implementation,
infrastructure readiness, and empirical evaluation develop together.
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