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Abstract: The rapid emergence of Generative Artificial Intelligence (GAI) has transformed the landscape of
higher education, influencing pedagogy, assessment, and student learning experiences. Despite its wide-
spread adoption, a significant research gap persists regarding the empirical measurement of its impact on
specific learning outcomes. While GAI tools are widely adopted, existing assessment frameworks often fail
to distinguish between machine-generated efficiency and genuine cognitive development. This study ad-
dresses this gap by developing the Robust Assessment Metrics Framework (RAMF), evaluated through a
mixed-methods approach involving students and faculty (N=295) at McPherson University. Quantitative
findings reveal a significant "Efficiency-Cognition Trade-off": while frequent GAI usage significantly en-
hances task efficiency (p < 0.001), it correlates with a statistically significant decline in critical thinking (p <
0.01) and self-reported originality (p < 0.01). Interestingly, regression analysis shows that Al literacy and
institutional policy clarity are stronger predictors of academic confidence than usage frequency. This sug-
gests a psychological "confidence paradox" where students feel more capable despite lower cognitive en-
gagement. Qualitatively, thematic analysis highlights a shift toward "shortcut learning" that necessitates a
move from product-oriented to process-oriented evaluation. The RAMF introduces expert-validated pro-
tocols such as the “30/70 Synthesis Rule” and "Process Logs," to safeguard academic rigor. This research
provides institutional leaders with an expert-validated framework proposed for institutional trial to shift
from product-oriented to process-oriented assessment in the Al era. By focusing on the interplay between
human agency and algorithmic assistance, this research offers broader implications for pedagogical rede-
sign in an Al-saturated academic environment.
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1. Introduction

The rapid spread of Generative Al (GAI) platforms,
such as ChatGPT, Claude, and Gemini has profoundly
impacted the educational landscape. Unlike earlier Al
models that focused on pattern recognition, GAI gener-
ates human-like text, images, and software code. This
offers a dynamic and interactive resource for both learn-
ers and educators [1], [2]. In higher education, these tools
have become integral to academic practices, ranging from
essay drafting and coding assistance to idea generation
and personalized tutoring.

However, this integration represents a pivotal shift
in teaching and learning methodologies. While GAI en-
hances creativity and efficiency, it simultaneously raises
critical concerns regarding academic integrity, equity,
and the quality of student learning [1], [2]. Educational
institutions and policymakers are increasingly challenged
to evaluate the effectiveness of these tools while address-
ing ethical implications. Recent studies emphasize the
necessity of assessing student outcomes related to GAI
usage [3], while others highlight the importance of un-
derstanding students’ familiarity with these tools [4]. Fur-
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thermore, the risk of bias within Al-based tools presents
additional hurdles for marginalized student populations,
necessitating a framework that aligns Al capabilities with
ethical educational practices [5].

This increasing reliance on GAI intersects with glob-
al debates on teaching quality. While advocates argue
that GAI democratizes access to knowledge, critics warn
of overdependence and the potential erosion of critical
thinking. At the center of this debate is the "Learning
Outcome," yet traditional evaluation methods, such as
standardized written assignments, have proven inade-
quate in capturing the full impact of GAIL A critical di-
lemma remains unresolved: traditional assessment focus-
es on the final "product,” which GAI can now replicate
with high proficiency, thereby masking the actual cogni-
tive engagement of the student. This renders traditional
metrics obsolete and creates an empirical gap in how we
measure internal mastery.

This study addresses this empirical gap by propos-
ing and evaluating the Robust Assessment Metrics
Framework (RAMF), an expert-validated framework
proposed for institutional trial. Specifically, it investigates
how usage frequency influences the trade-off between
efficiency and cognition, and how institutional factors
predict student confidence.

The remainder of this paper is organized as follows:
Section 2 reviews the existing literature and theoretical
foundations. Section 3 details the mixed-methods meth-
odology, including the institutional context and the de-
velopment of the RAMF. Section 4 presents the quantita-
tive and qualitative results, integrating them to explain
the observed pedagogical paradoxes. Finally, Section 5
concludes the study with practical implications for aca-
demic leadership and suggestions for future research.

2. Literature Review

Generative Artificial Intelligence (GAI) has emerged
as a disruptive force in higher education. It reshapes stu-
dent learning, faculty curriculum design, and institution-
al evaluation of academic performance. Unlike earlier
forms of educational technology, GAI mimics human
creativity through the generation of original text, visual
outputs, and interactive responses.

2.1. Generative Al in Higher Education

Al use in education has moved from adaptive learn-
ing platforms to advanced large language models. Re-
search suggests that GAI can serve as a "cognitive part-
ner" that provides real-time feedback and scaffolding [6].
However, scholars warn of "shortcut learning,” a situa-
tion where students bypass intellectual engagement [7].
This tension underscores the need for assessments that
differentiate between machine-assisted efficiency and
genuine cognitive growth. Table 1 provides a narrative
synthesis of the current state of research.

2.2. Theoretical Foundations and the Tool-Replacement
Spectrum

The integration of GAI into pedagogy can be
mapped along a spectrum ranging from augmentative
tools to substitutive replacements. From a Social Con-
structivist perspective, learning occurs within the Zone of
Proximal Development (ZPD). When GAI acts as a tool, it
provides the scaffolding necessary for students to reach
higher levels of synthesis [6]. However, the risk of "re-
placement" arises when GAI performs the cognitive labor
entirely. If the student uses GAI to bypass the "produc-
tive struggle" required to construct meaning, the con-
struction of knowledge is aborted. The RAMF framework
targets this by measuring the process of inquiry rather
than just the output. Furthermore, Self-Determination
Theory (SDT) posits that for deep learning to occur, stu-
dents need autonomy and competence [8]. When GAI is
used for brainstorming, it can enhance a student's sense
of competence. Conversely, generating an entire paper
erodes academic self-efficacy and long-term mastery [9]
This study aligns these theoretical lenses with the three
domains of learning: the cognitive domain (targeting
higher-order thinking), the affective domain (measuring
engagement and ethical agency), and the psychomotor
domain (evaluating technical fluency as digital crafts-
manship) [10].

The relationship between these theoretical domains
and the proposed assessment structure is visualized in
Figure 1. This conceptual model illustrates how the
RAMF operates at the intersection of cognitive processing,
ethical agency, and technical productivity, ensuring that
GAI remains a scaffold for student growth rather than a
substitute for intellectual labor.

2.3. Research Gap

While the literature acknowledges the transforma-
tive ability of GAL there exists a significant gap in the
implementation of multidimensional assessment models.
This research fills this void by developing an expert-
validated conceptual model that balances efficiency gains
with the protection of critical thinking, ensuring that GAI
supports constructivist learning rather than replacing it.

3. Methodology
3.1. Research Design

This study utilizes a convergent mixed-methods de-
sign [11]. Data were collected from McPherson University,
a private institution in Nigeria, targeting a diverse sam-
ple of students and faculty. This single-institution focus
allows for a deep understanding of contextual factors,
such as specific institutional policies, though it is
acknowledged as a limitation regarding broader general-
izability.

To ensure a rigorous and transparent methodology,
the study followed a five-stage research flow as depicted

Methods in Science and Technology Studies 2026, 2, 1

https://journal.futuristech.co.id/index.php/msts



Falade and Mesioye, Impact of Generative Al on Student Learning in Higher Education using Robust Assessment Metrics Framework 84
Table 1. Summary of Related Research on GAI in Higher Education.
Author Research Title Key Findings Gaps / Limitations

[12]  Assessment and Learning Identifies three educator appro- Purely descriptive; does not
Outcomes for GAIL: A Scoping aches: traditional, refocused, and validate practical, multidimensional
Review GenAl-incorporated. metrics.

[13]  Systematic Review of GAI for Reviews GAI's role across various Primarily conceptual synthesis; no
Teaching and Learning educational contexts. assessment framework proposed.

[14]  ChatGPT’s Impact on Data Provides supportin coding butrisks Single-discipline  focus;  lacks
Science Learning student dependence. generalizable assessment metrics.

[15]  Impact of ChatGPT on Aca- ChatGPT disrupts integrity; signals Theoretical overview only; no
demic Integrity need for assessment redesign. empirical data or tested metrics.

[16]  Student and Teacher Perspec- Explores stakeholder views on Perspective-focused; no concrete
tives on ChatGPT benefits and concerns. metrics for impact measurement.

[17] ~ Does ChatGPT Enhance Lear- Improves performance and moti- Studies lack power analysis and
ning? Meta-Analysis vation but notes methodological long-term originality measures.

weaknesses.

[18]  Student & Staff Perceptions of Mixed feelings on GAI feedback; Perception-focused; lacks outcome-
Alin Assessment low familiarity among staff. based metrics.

[19]  Could ChatGPT Get an Engi- GAI can pass standard exams (65- Measures GAI capability, not stu-
neering Degree? 85% accuracy). dent learning outcomes.

[20]  AI Reshaping the Classroom Al boosts short-term performance Journalistic commentary; lacks em-

(News Reports)

but may impeair critical thinking.

pirical study data.

Table 2. Participant Demographics (N = 295).

Category Sub-category Frequency (n) Percentage (%)
Participant Role Students 248 84.1
Faculty Members 47 15.9
Academic Discipline STEM 103 34.9
Social Sciences 104 35.3
Humanities 88 29.8
Gender Female 159 53.9
Male 135 45.8
Other/No Response 1 0.3

Cognitive Domain
(Synthesis & Critical Thinking)

tion (CVI) before empirical data collection and eventual
triangulation of findings.

3.2. Instrument Development and Validation
The survey instrument focused on three core con-

Psychomotor Domain
(Technical Fluency)

Affective Domain
(Ethical Agency & Autonom

Figure 1. RAMF Conceptual Assessment Model.

in Figure 2. This process began with the conceptualiza-
tion of the RAMF and proceeded through expert valida-

structs to assess perceived student engagement with GAL
To measure Critical Thinking, a five-item scale was uti-
lized, featuring prompts such as “I use GAI to compare
multiple perspectives on a topic rather than accepting a single
answer” and assessments of whether students actively
look for logical fallacies or "hallucinations” in GAI-
generated text.

The dimension of Originality was operationalized
through a four-item scale, including statements such as
"The final version of my Al-assisted assignments reflects my
unique personal voice” and "I use GAI only for structural
drafting, ensuring the core arquments are my own.” Finally,
Academic Confidence was evaluated using four items,
such as "I feel confident that I can achieve learning objec-
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Table 3. GAI Usage Patterns and Academic Purpose (N =248 students).

Primary Use Case Frequency (%) Mean Satisfaction (1.00 — 5.00)
Brainstorming & Idea Generation 63 4.50
Drafting & Structural Assistance 58 4.20
Coding & Technical Support 37 4.60
Translation & Grammar Polishing 29 4.10
Research Synthesis (Lit Reviews) 18 3.20

tives while using GAI ethically," to capture the student's
sense of self-efficacy in an Al-integrated environment.

Qualitative protocols were similarly structured;
semi-structured interview guides were peer-reviewed by
two educational technologists to ensure questions were
non-leading and aligned with the study’s theoretical
framework of Constructivism and Self-Determination
Theory [21].

3.3. Participants and Sampling
A purposive sampling strategy was employed across

three academic clusters. Table 2 details the demographics.

To ensure data integrity, the gender counts were audited;
the sample includes 159 female, 135 male, and 1 student
who identified as "Other/Prefer not to say," totaling 294
participants who disclosed gender out of the 295 total
sample size.

3.4. Data Collection Procedures

Data were collected over 12 weeks during the
2024/2025 academic year. Surveys were administered
electronically via institutional mailing lists. Focus groups

(n =22 students) and semi-structured interviews (n = 5
faculty) were conducted via video conferencing, recorded,
and transcribed verbatim.

3.5. Data Analysis Plan and Qualitative Rigor

Quantitative data were analyzed using SPSS (v.28).
The tool utilizes independent samples t-tests to compare
frequent versus low GAI users and multiple linear re-
gression to identify predictors of academic confidence.
For the qualitative component, thematic analysis fol-
lowed the established six-step framework by [22]. Also, a
multi-stage process was employed to ensure qualitative
rigor and inter-rater reliability (IRR).

At the initial phase of independent coding, two re-
searchers separately analyzed 20% of the transcripts,
which included four interviews and one focus group.
This was followed by a comparison and reconciliation
phase, where the coders met to harmonize the initial
codebook and discuss discrepancies specifically related to
the "Critical Thinking" and "Originality" themes until a
consensus was reached. The final step involved the calcu-
lation of inter-rater reliability, which yielded a Cohen’s
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Table 4. Comparative Analysis of Perceived Learning Outcomes.

Frequent Users

Low Users

i -val -val
Metric (Mean) (Mean) t-value p-value
Task Efficiency 4.32 3.51 7.12 <0.001
Critical Thinking 3.10 3.65 -4.85 <0.01
Originality 2.94 3.72 -5.10 <0.01

Table 5. Multiple Linear Regression - Predictors of Academic Confidence.
Predictor Variable Beta (p) t Sig. (p)
Responsible Al Literacy 0.42 5.21 0.001
Frequency of GAI Use -0.12 -1.14 0.254
Institutional Policy Clarity 0.35 4.88 0.001
Table 6. Content Validity Index (CVI) for RAMF Dimensions (n = 8).
Dimension Relevance Clarity Feasibility Item-CVI
Critical Thinking 4.0 3.8 3.5 0.94
Originality 3.8 3.5 3.2 0.88
Ethical Use 4.0 4.0 3.8 0.98
Scale-Level CVI - - - 091

4.32

MEAN SCORE (1-5)
= N w »
N LW~ N

[EEY

0.5

Task Efficiency  Critical Thinking
METRICS

Originality

m Frequent Users (Mean)  m Low Users (Mean)

Figure 4. Impact of GAI Usage on Learning Outcomes.

Kappa of 0.82. This score is considered excellent and con-
firms the reliability of the thematic findings presented in
the results section.

3.6. Integration and Triangulation

Following the convergent design, quantitative re-
sults (t-test) and qualitative themes ("Al-induced anxiety")
were merged into a joint display [23]. This triangulation
allows the researchers to explain why certain statistical
trends, (such as the efficiency-depth trade-off) occur in
the classroom environment.

3.7. Ethical Considerations

The study received approval from the McPherson
University Research Ethics Committee. All participants
were provided with a Plain Language Statement (PLS)
and signed an electronic informed consent form. Data
were stored on an encrypted server, and all identifying
information was removed during the transcription of
qualitative interviews.

4. Results and Discussion
4.1. Usage Patterns and Efficiency

The survey data collected from 248 students and 47
faculty members reveal that GAI is predominantly uti-
lized as a structural scaffold rather than a primary re-
search engine. As illustrated in Table 3 and visualized
with explicit data labels in Figure 3, the highest usage
frequency was recorded for brainstorming and idea gen-
eration at 63% (Mean Satisfaction = 4.50), followed by
drafting and structural assistance at 58% (Mean Satisfac-
tion = 4.20). Technical applications, such as coding and
software support, showed the highest satisfaction level
(Mean = 4.60), despite a lower usage frequency of 37%.
Notably, research synthesis for literature reviews showed
both the lowest usage (18%) and the lowest satisfaction
(Mean = 3.20). This specific data point suggests that while
students value the tool for organizational tasks, they re-
main skeptical of its scholarly accuracy, likely due to the
documented risk of algorithmic hallucinations and inac-
curate citations.

4.2. The Efficiency—Cognition Trade-off
To evaluate the impact of GAI usage frequency, an
independent samples t-test was conducted to compare
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frequent users with low or non-users across key perfor-
mance metrics of perceived learning. The results, sum-
marized in Table 4 highlight a significant statistical di-
vergence between productivity and engagement. As
shown in the data labels for Figure 4, frequent users re-
ported a high task efficiency mean of 4.32, which is sig-
nificantly higher than the 3.51 reported by low users (p <
0.001). However, this gain in efficiency is countered by a
decline in cognitive metrics.

Frequent users reported lower mean scores for per-
ceived critical thinking (3.10) compared to low users (3.65,
p <0.01). A similar trend was observed for self-reported
originality, where frequent users averaged 2.94 compared
to 3.72 for their peers (p < 0.01). This empirical evidence
confirms the "Efficiency-Cognition Trade-off," suggesting
that while GAI accelerates the production of academic
work, it may concurrently decelerate the deep processing
of complex ideas.

4.3. Predictors of Confidence and "Confidence Paradox"

A multiple linear regression was performed to iden-
tify the primary predictors of student academic confi-
dence. As shown in Table 5, the regression model ex-
plains 28% of the variance (R? = 0.28, p < 0.001). Interest-
ingly, while usage frequency dictates the efficiency-
cognition trade-off shown in Section 4.2, it fails to predict
academic confidence in this regression model (p = 0.254).
Instead, Responsible Al Literacy (f = 0.42, p = 0.001) and
Institutional Policy Clarity (8 = 0.35, p = 0.001) emerged
as the only significant predictors.

This reveals a "Confidence Paradox" where students
do not derive academic security from the mere frequency
of tool usage. Rather, they feel most confident when they
understand the ethical boundaries and technical logic of
the tools. Without institutional transparency, frequent
usage may actually lead to "misconduct anxiety," where
high productivity is undermined by a fear of uninten-
tional plagiarism. This confirms that confidence in the Al
era is a psychological construct rooted in informed agen-
cy and institutional transparency, rather than technologi-
cal reliance.

4.4. The Robust Assessment Metrics Framework (RAMF)
The RAMF is proposed as a multidimensional model
to evaluate learning through the synergy between human
cognition and Al assistance. It is important to clarify that
while the framework’s metrics and protocols have un-
dergone content validation via expert consensus, the
RAMEF is currently an expert-validated framework pro-
posed for institutional trial rather than an empirically
tested utility. As shown in Table 6, the Scale-CVI was
recorded at 0.91, which exceeds the threshold of 0.80 re-
quired for scientific validity. While experts noted that
measuring "Originality" remains a subjective challenge
(Feasibility = 3.20), the exceptionally high score for "Ethi-

cal Use" (0.98) confirms the framework’s strength in pro-
moting transparency and traceability.

4.5. Practical Application and Implementation Strategy

To provide faculty with actionable tools, the RAMF
includes specific rubric descriptors designed to evaluate
the "Originality and Voice" criterion. Under this scoring
logic, an Exemplary performance (80-100%) is character-
ized by a clear "Human-Centric Narrative" where Al is
limited to structural drafting, and 90% of the content in-
cludes personal reflection or localized data. A Proficient
score (60-79%) is awarded when the student adheres to
the 30/70 Synthesis Rule, ensuring that Al-generated def-
initions are cited correctly and edited to match an authen-
tic academic voice. Conversely, work is classified as
Emerging (40-59%) when there is an over-reliance on Al
exceeding 50% of the text, resulting in a homogenized
voice. Finally, a Fail grade (0-39%) is assigned to unedit-
ed GAI outputs that lack a "Prompt Log" or fail to
demonstrate the "cognitive struggle" required for local
contextualization.

The implementation of the RAMF is designed to be
discipline-agnostic, allowing for customization across
various academic clusters. In STEM fields, for instance,
the required "Logic Log" may focus on the iterative de-
bugging of Al-generated code, whereas in the Humani-
ties, it centers on the refinement of philosophical argu-
ments through iterative prompting. This specificity ad-
dresses the need for a concrete roadmap that moves from
suspicion-based grading to evidence-based assessment.
By documenting the "Prompt-to-Product” pipeline, insti-
tutions can finally measure the value added by the stu-
dent versus the output generated by the machine, effec-
tively resolving the pedagogical paradox identified in
this study.

5. Conclusion and Limitations
5.1. Conclusion

The integration of Generative Al (GAI) into higher
education is no longer a peripheral development but a
central shift in the academic landscape. This study has
demonstrated that GAI represents a "Pedagogical Para-
dox." While it offers unprecedented gains in task efficien-
cy (p < 0.001), it poses a measurable risk to the develop-
ment of critical thinking and original academic voice. The
quantitative findings confirm that students who rely
heavily on GAI without structured guidance report a sig-
nificant decline in deep cognitive engagement.

However, the solution lies not in the prohibition of
these tools, but in the evolution of assessment frame-
works. The Robust Assessment Metrics Framework
(RAMF) proposed in this study provides an expert-
validated framework proposed for institutional trial for
this transition. By shifting the focus from the 'Final
Product' to the 'Cognitive Process' through the use of
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Prompt Logs and the 30/70 Synthesis Rule, institutions
can ensure that GAI serves as a 'thinking partner' rather
than a 'proxy writer.

5.2. Practical Implications for Academic Leadership

For academic leadership, such as Deans and De-
partment Heads, the implementation of the RAMF neces-
sitates a strategic shift in institutional architecture. First,
institutional leadership should prioritize policy standard-
ization rather than relying on fragmented departmental
rules. This can be achieved by establishing a university-
wide "Traffic Light System" —categorizing tasks as Green
(Full AI), Yellow (Assisted), or Red (No AI)—which
aligns specifically with the RAMF’s 30/70 synthesis rule.
Additionally, faculty development must become a core
focus of institutional investment. Dedicated "Al-
Pedagogy Workshops" should be organized to train edu-
cators in the design of "Al-Resistant" prompts, specifical-
ly focusing on tasks that require localized, real-time, or
deeply personal synthesis that GAI platforms currently
cannot replicate.

Furthermore, resource allocation must reflect the
shifting demands of process-based assessment. Academic
leaders must recognize that evaluating iterative logic logs
and conducting mini-vivas is significantly more labor-
intensive than traditional product-oriented grading. To
sustain these quality standards without overwhelming
the workforce, it may be necessary to provide budgetary
support for additional Teaching Assistants or to imple-
ment reduced credit-hour loads for faculty participating
in RAMF-based curricula. By providing these structural
and financial supports, institutions can transition from a
posture of suspicion-based grading to a more robust, evi-
dence-based model of quality assurance that treats GAI
as a transparent tool for intellectual growth.

5.3. The "Implementation Burden": A Realistic Appraisal
While the RAMF ensures high academic integrity, it

introduces a significant "Time and Complexity Premi-

um." Reviewing iterative "Logic Logs" and conducting

"Mini-Vivas" increases faculty workload by an estimated
15-20% compared to traditional essay grading. To miti-
gate this, institutions should adopt a Risk-Based Assess-
ment Model, where the full RAMF protocols are applied
to high-stakes summative work (for example, Final Dis-
sertations), while lower-stakes formative tasks use sim-
plified versions of the framework.

5.4. Limitations of the Study

Despite its contributions, this study is subject to sev-
eral limitations. While the sample (N=295) provides a
robust foundation, the data was collected from a limited
number of institutions, which may restrict the generali-
zability of findings across different cultural or geograph-
ical contexts. Furthermore, the reliance on self-reported
measures for critical thinking and originality introduces
potential subjectivity and respondent bias. The rapid
"technological velocity" of GAI evolution also means that
observed impacts may shift as tools become more sophis-
ticated in reasoning. Finally, the cross-sectional design
offers only a "snapshot" of GAI's influence. Future longi-
tudinal research is required to evaluate long-term effects
on degree-level mastery.

5.5. Recommendations for Future Research

A critical priority for future investigation is the em-
pirical field validation of the RAMF. While the current
study establishes high content validity through expert
review, controlled longitudinal trials are necessary to
measure the framework's actual impact on objective stu-
dent achievement and its feasibility in high-enrolment
courses. Furthermore, scholars should investigate poten-
tial algorithmic biases in Al-assisted grading against Eng-
lish as a Second Language (ESL) or non-traditional writ-
ing styles to ensure assessment equity. Finally, compara-
tive analyses between traditional detection-based "polic-
ing" models and integration-focused approaches, such as
the RAMF, are essential to determine which strategy
most effectively fosters long-term student motivation and
integrity.
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