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ABSTRACT

Project-based learning (PBL) is a vital pedagogical approach that cultivates critical thinking, collaboration, 
and problem-solving skills. However, its widespread adoption in higher education, particularly in contexts like 
Azerbaijani universities, is hindered by excessive faculty workload, difficulties in providing continuous assessment, 
and the absence of scalable digital scaffolding. This study proposes and validates an institution-based model for 
X University that utilizes Artificial intelligence (AI) as a parametric feedback mechanism to streamline and scale PBL 
application. The AI is conceptualized as an adaptive system that maximizes the flow of information and tunes 
support levels, operating within a hybrid intelligence (HI) framework.
Methodologically, the study introduces an AI-supported parametric feedback architecture that integrates learning 
analytics, rubric-based evaluation, and adaptive feedback loops within a HI framework and empirically validates its 
pedagogical effectiveness through an eight-week pilot implementation.
A pilot study involving 304 students and 15 faculty members in the Faculties of Education and Engineering 
demonstrated empirical validity. Outcomes show that AI integration substantially reduced faculty workload (26–
28% reduction), resolving the logistical barrier to PBL scalability. Simultaneously, the system produced meaningful 
gains in student outcomes: project quality improved by 12 points on the standardized rubric, with category-specific 
gains of +13 in technical accuracy. This improvement was strongly correlated with student perceptions that the 
AI feedback was actionable and relevant.
Furthermore, the model significantly enhanced collaboration and self-regulation. Collaboration analytics 
documented a 23.7% increase in mean individual contributions per student, mitigating social loafing and unequal 
participation. The continuous, adaptive feedback fostered Self-Regulated Learning, with over 80% of students 
reporting high confidence in managing projects and deadlines. Crucially, the ethical integration was affirmed by 
high trust levels; over 82% of students found the AI feedback unbiased and transparent.
In conclusion, this AI-PBL model provides an empirically validated framework for the responsible and effective 
scaling of PBL in higher education, demonstrating that AI can both resolve institutional bottlenecks and 
significantly enhance core student competencies and collaborative equity, all while maintaining strong 
pedagogical alignment with constructivist learning theories.
Index Terms—Artificial intelligence, assessment, critical thinking, higher education, Parametric feedback, project-
based earning

I. INTRODUCTION

Rapid technological developments, especially over the past twenty years, globalization, and the 
changing demands of today’s labor market have significantly transformed the higher education 
landscape. Many education programs still rely on traditional pedagogical models centered on 
knowledge transfer. However, these approaches no longer provide students with the competen-
cies required in today’s rapidly changing professional landscape. So, graduates are increasingly 

WHAT IS ALREADY KNOWN ON THIS 
TOPIC?

•	 Project-based learning (PBL) improves 
critical thinking, collaboration, and 
problem-solving skills, but its large-scale 
implementation in higher education is 
often limited by high faculty workload, 
complex assessment demands, and 
difficulties in providing continuous 
formative feedback.

•	 Artificial intelligence (AI) has been shown 
to support personalized and adaptive 
feedback in educational settings, 
particularly in writing and formative 
assessment contexts, and can enhance 
self-regulated learning (SRL) when 
integrated with human oversight.
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expected not only to master the body of knowledge required by their field of expertise but also 
to have the capacity for creative knowledge application, critical thinking, effective collaboration, 
and complex problem solving [1].

At the heart of this shift lies Project-Based Learning (PBL), a pedagogical strategy that engages 
students in comprehensive projects based on real-world challenges and collaborative inquiry. 
This methodology strongly aligns with the demands for 21st-century competencies, fostering 
students’ ability to construct and apply knowledge effectively [1],[2],[3],[4],[5] . The PBL is built 
on a motivational framework that combines meaningful tasks, collaboration, and instructional 
scaffolding. This structure encourages deep inquiry and the development of authentic learning 
products [4, 6, 7]. Empirical evidence suggests that engaging learners with authentic problems 
and collaborative assignments significantly enhances their capacity for knowledge retention 
and application [6, 8]. The potential of PBL is particularly salient in applied fields like Engineering 
and Education, where it cultivates competencies vital for addressing the social, industrial, and 
regional needs of the modern workforce.

Despite the well-documented benefits of PBL, its widespread adoption in higher education 
remains limited. Many institutions still face systemic challenges when attempting to imple-
ment PBL at scale. Although Azerbaijani national policy vigorously supports the modernization 
of higher education, including digital transformation and alignment with the European Higher 
Education Area, the large-scale implementation of PBL remains constrained. This study focuses 
on three primary systemic challenges inhibiting PBL’s successful deployment across Azerbaijani 
universities:

A. Excessive Faculty Workload and Feedback Bottlenecks
A primary obstacle to adopting PBL is the considerable faculty workload it entails [1],[9] . Unlike 
traditional lecture-based models, PBL necessitates intensive supervision of multiple project 
groups, individualized guidance, and continuous, timely feedback ][10],[11].

Effective PBL implementation requires instructors to engage closely with students at every stage 
of the project cycle. In large classes—common in many regional universities—this time commit-
ment significantly reduces faculty willingness to adopt such pedagogical approaches.

This burden of increased supervision and feedback provision risks faculty burnout and threatens 
the quality and sustainability of PBL implementation.

B. Student Readiness and Self-Directed Learning Gaps
Student readiness poses another crucial challenge. Many students entering universities may lack 
the prerequisite skills for the high degree of independence, self-directed learning, and substan-
tial planning decisions required by PBL [12],[13] . Successful PBL environments, as emphasized by 
Hmelo-Silver, require students to navigate complex, open-ended problems with minimal direct 
supervision [6]. This preparation gap necessitates a foundational educational shift that cultivates 
greater student autonomy and critical thinking skills early in their academic careers. The current 
deficit in preparedness can diminish the effectiveness of PBL and lead to student cognitive over-
load during complex tasks.

C. Challenges in Assessment Consistency and Transparency
The evaluation process within PBL presents unique dilemmas. Evaluating diverse projects and the 
inherently subjective nature of collaborative work makes establishing fair, consistent, and trans-
parent assessment criteria problematic [14],[15] ]. Maintaining reliability and rigor across diverse 
group projects remains a major challenge. Institutions must address this issue to ensure effective 
PBL implementation [16], [17] . Inconsistent or non-transparent assessment practices can nega-
tively impact student motivation and the perceived fairness of the learning environment.

To address these critical barriers, this study proposes a feasible and institution-based model for 
the scalable and sustainable application of PBL in Azerbaijan. X University is uniquely positioned 
to pioneer this solution, owing to its substantial investment in robust digital infrastructure, 
including e-portals, digital libraries, and advanced student information systems.

This research leverages Artificial Intelligence (AI) technology as a parametric feedback mecha-
nism to streamline and scale the PBL process. Artificial Intelligence has the potential to support 

•	 Despite these advances, there is 
limited empirical evidence on how 
AI can be systematically integrated 
into PBL as a scalable institutional 
model that simultaneously addresses 
faculty workload, collaborative equity, 
assessment consistency, and ethical 
transparency.

WHAT DOES THIS STUDY ADD ON 
THIS TOPIC?

•	 This study proposes and empirically 
validates an AI-supported PBL model 
that reduces faculty workload by 26–28% 
while improving overall project quality 
by 12 points on a standardized rubric, 
demonstrating that scalability and 
pedagogical quality can be achieved 
simultaneously.

•	 It provides evidence that AI-mediated 
parametric feedback increases 
collaborative equity (23.7% increase in 
individual contributions) and strengthens 
SRL, particularly for students with limited 
prior PBL experience.

•	 The study demonstrates that AI integration 
can be ethically and transparently 
implemented within a hybrid intelligence 
framework, achieving high levels of 
student trust (over 82% agreement 
on fairness and transparency) while 
maintaining clear human oversight.
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adaptive learning systems and advanced learning analytics (LA). 
These capabilities can reduce faculty workload and optimize the 
delivery of formative feedback. These innovations enable more per-
sonalized learning experiences. As a result, students can explore 
complex problems within a structured and well-supported learning 
environment.

The research responds to three core questions:

1.	 To what extent does the AI-PBL model reduce faculty workload 
while maintaining or enhancing instructional quality?

2.	 How does AI-mediated parametric feedback influence student 
engagement, collaborative equity, and contributions within PBL 
groups?

3.	 What levels of trust, transparency, and contextual relevance do 
students attribute to AI feedback in a culturally specific higher 
education environment?

This study makes several contributions to the literature on 
AI-supported learning environments and PBL in higher education:

1.	 Conceptual Contribution: The study introduces a hybrid intel-
ligence (HI) framework in which AI functions as a parametric 
feedback system that dynamically adjusts scaffolding levels in 
PBL environments.

2.	 Methodological Contribution: It proposes a scalable 
AI-supported parametric feedback architecture integrating LA, 
rubric-based evaluation, and adaptive feedback loops within an 
institutional learning management ecosystem.

3.	 Empirical Contribution: Through an eight-week pilot implemen-
tation involving 304 students and 15 faculty members, the study 
provides empirical evidence on the impact of AI-mediated feed-
back on faculty workload, collaboration dynamics, and student 
project quality.

4.	 Practical Contribution: The study offers a transferable insti-
tutional model for scaling PBL in digitally developing higher 
education systems while maintaining transparency, ethical gov-
ernance, and human pedagogical oversight.

Although the study is situated within an educational context, its 
secondary contribution lies in the design and evaluation of an 
AI-supported parametric feedback architecture. The proposed sys-
tem integrates LA, natural language processing (NLP), and adaptive 
feedback mechanisms within a HI framework, representing a techni-
cal contribution to AI-assisted instructional systems.

II. THEORETICAL FRAMEWORK

The PBL plays a significant role in enhancing student learning out-
comes by promoting deeper conceptual understanding and reten-
tion of knowledge. Research indicates that when students engage in 
project-based tasks, they are more likely to demonstrate improved 
critical thinking skills and become more self-directed in their 
learning processes [18],[19],[20] . For instance, Latifaj [21] , among 
others, notes that PBL fosters students’ autonomy, constructive 
inquiries, and reflection, contributing substantially to their learning 
experience.

Additionally, PBL is associated with the development of necessary soft 
skills, such as communication and collaboration, which are essential 
for success in the workplace [22], [23], [24] . The collaborative nature 

of PBL requires students to work effectively in teams, thus enhancing 
their group work competencies, which Melguizo-Garín et al. [23] and 
Jiang [22] , among others, suggested are closely related to overall 
satisfaction with the learning experience.

The successful implementation of PBL varies across disciplines, but 
key strategies are universally applicable. For example, educators 
are encouraged to establish clear, realistic objectives for PBL activi-
ties [25],[26] . Furthermore, integrating technology can significantly 
enhance the effectiveness of PBL. In particular, utilizing digital tools 
can increase student engagement and facilitate the management of 
collaborative projects [27] [28] .

Moreover, the use of a driving question to anchor the project is criti-
cal for sustaining student interest and guiding their exploratory pro-
cesses [29],[30] . The interdisciplinary nature of PBL allows students 
from various fields, such as engineering and education, to collabo-
rate, thereby enriching the learning experience and cultivating inno-
vative solutions to complex problems [20],[31] .

Alongside the benefits of PBL outlined above, research underscores 
its capacity to enhance student attitudes toward their future careers. 
A study by Beier et  al. [32] revealed that involvement in authentic 
PBL experiences positively affects students’ aspirations in STEM 
fields, showcasing how PBL can bridge academic knowledge with 
vocational relevance. This connection not only aids in student reten-
tion but also in their developing interest in specific career paths 

Additionally, the integration of PBL into the curriculum supports tai-
lored skill development necessary for the digital age, aligning edu-
cational practices with marketplace demands [26] . The emphasis 
on collaborative learning in PBL simulates real-life working environ-
ments, thus better preparing students for professional roles upon 
graduation [20],[30] ].

In summary, PBL represents a transformative approach in higher 
education, equipping students with essential skills that are critical 
for success in the modern labor market. By fostering an active learn-
ing environment, PBL empowers students to engage meaningfully 
with their education, enhance their problem-solving abilities, and 
develop collaborative competencies. As educational institutions 
continue to adopt this methodology, ongoing research and practice 
refinement will be crucial in maximizing its impact.

A. The Role of Artificial Intelligence: Parametric Feedback as an 
Enhancer
In the proposed model, AI is conceptualized not as a substitute for 
human educators but as an active enhancer that enriches the peda-
gogical landscape. The concept of parametric feedback refers to a 
dynamic system of adaptive scaffolding that automatically adjusts 
the level of support based on the learner’s demonstrated compe-
tence and engagement [33].

Artificial Intelligence plays a transformative role in education, par-
ticularly by providing personalized feedback that enhances learn-
ing efficiency and engagement. This feedback aligns closely with 
pedagogical frameworks that emphasize the importance of tailored 
feedback for effective learning. Such AI-driven interventions are 
especially beneficial in project-based environments where learner 
needs are diverse, contributing to a more customized educational 
experience.
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The integration of AI into educational practices allows for a signifi-
cant shift toward personalized learning, where feedback mecha-
nisms are adjusted based on individual student performance. 
According to Akavova et  al. [34] , AI systems can analyze learner 
data and provide tailored feedback that accommodates varying 
levels of understanding and engagement, thereby promoting an 
adaptive learning environment. This concept is reinforced by Zhao, 
who points out that AI-driven educational technologies can reshape 
pedagogical strategies to cater to the unique learning styles and 
needs of students, potentially leading to improvements in learning 
outcomes [35]. 

Furthermore, the impact of formative feedback provided by AI sys-
tems is essential for fostering self-regulation among learners. Weber 
et  al. [36] highlight that instantaneous feedback generated within 
AI-enhanced learning environments can initiate self-regulation pro-
cesses among students, enabling them to manage their learning 
trajectory more effectively. This is particularly significant in develop-
ing specific skills, such as academic writing, while the principles can 
be broadly applied across various subjects and learning activities. 
Moreover, the capability of generative AI to provide nuanced and 
contextual feedback enhances traditional feedback models, allow-
ing learners to engage more meaningfully with their educational 
material [37].

The nuances of AI-assisted feedback extend to the emotional and 
motivational aspects of learning. Fernández-Herrero [38] discusses 
how affective intelligent tutoring systems (ITSs) utilize advanced AI 
techniques to adapt not only to cognitive aspects but also to the 
emotional states of learners, delivering feedback that enhances 
motivation and engagement in educational activities. This aligns 
with the assertions made by Al-Hamadi and Yousif, who emphasize 
that hybrid support structures—integrating human instruction with 
AI feedback—can effectively facilitate a transition to self-directed 
learning, which is vital for educational advancement [39] [.

Moreover, AI’s role in developing feedback literacy among students is 
significant. Kundu and Bej [40] note that AI promotes learner auton-
omy through adaptive feedback and individualized learning path-
ways, thereby enabling active engagement in the learning process 
and nurturing self-regulation—an important skill across educational 
contexts. By utilizing AI for personalized interventions, educational 
frameworks can enhance not only academic performance but also 
student motivation and self-efficacy, as highlighted by Shallan [41] .

In conclusion, AI’s ability to deliver personalized feedback is pivotal 
in enhancing educational practices within project-based environ-
ments. By ensuring that feedback is timely, personalized, and con-
textually relevant, AI not only addresses the dynamic and diverse 
needs of learners but also promotes self-regulated learning (SRL). 
As educational landscapes continue to evolve with technological 
advancements, the strategic integration of AI holds significant prom-
ise for optimizing learning experiences and outcomes.

This PBL mechanism is also highly consistent with Vygotsky’s Zone of 
Proximal Development (ZPD) theory, which emphasizes the impor-
tance of gradually reducing support as learners gain more compe-
tence, thereby encouraging independent learning [39] ]. Artificial 
intelligence serves as an intelligent, customized tool that provides 
the necessary personalized interventions, particularly in project-
based environments where learners’ needs are diverse and dynamic 

[42] . This adaptive mechanism was designed in this study to achieve 
three key outcomes parallel to the study’s three research questions:

1.	 Reduce Faculty Workload: By automating routine, low-level 
feedback tasks, AI frees up faculty time to focus on higher-level 
pedagogical activities such as in-depth mentorship, reflective 
guidance, and conceptual challenge.

2.	 Increase Student Autonomy: Utilizing analytics-driven tools 
(personalized dashboards, formative feedback cues), the system 
enhances students’ SRL capabilities in planning, self-monitor-
ing, and progress evaluation.

3.	 Ensure Assessment Consistency: AI processes both quantitative 
and qualitative data from project artifacts (progress reports, 
documentation, collaboration metrics) to establish a more con-
sistent and transparent data foundation for human-led final 
assessment.

III. METHODOLOGY AND RESEARCH DESIGN

A. Research Methodology
This study adopted a mixed‐methods experimental research design 
to examine the pedagogical effectiveness, efficiency, and scalability 
of an AI-supported PBL (AI-PBL) model developed at X University. The 
study followed four sequential phases: (1) identification of instruc-
tional barriers through needs assessment, (2) design of a parametric 
feedback-based AI architecture prioritizing pedagogy over automa-
tion, (3) an eight-week pilot implementation, and (4) multi-layered 
evaluation using quantitative and qualitative indicators.

Quantitative analysis measured student project performance, par-
ticipation depth, and faculty workload reductions. Qualitative analy-
sis drew on student reflections, usage logs, and faculty focus-group 
commentary. This integrated design allowed simultaneous assess-
ment of instructional quality, collaboration equity, and system scal-
ability within real classroom conditions.

B. Participants and Sampling
The pilot study involved a total of 304 undergraduate students and 
15 faculty members from the Faculties of Education and Engineering 
at Nakhcivan State University (NSU). Students represented four aca-
demic levels, with first-year learners forming the largest proportion 
(45.7%). Prior exposure to PBL was generally low or minimal, sug-
gesting suitability for testing AI-supported scaffolding in early-stage 
academic development. A purposive sampling strategy was used. 
Faculties were selected based on existing digital infrastructure and 
readiness for PBL-AI integration. Faculty participants were indi-
viduals capable of moderating AI feedback and validating rubric-
based assessment, ensuring meaningful human oversight during 
deployment.

C. Ethical Procedures
The study was conducted in accordance with NSU ethical and 
data-protection policies with the ethical committee approval of X 
University dated December 12, 2025, and numbered 14. Students 
were informed of the purpose of the implementation, The AI’s role 
in formative and summative assessment, the presence of human 
verification in decision-making, and their right to withdraw. All col-
lected data were anonymized before analysis, with personal identi-
fiers removed. The AI system did not operate autonomously in final 
scoring; every AI-generated suggestion passed through a human 
verification layer. Students were required to disclose AI assistance 



Electrica 2026; 26: 1-14
Jafarli et al. A Model for Nakhchivan State University

5

transparently in project submissions to preserve academic integrity 
and prevent reliance beyond instructional intent.

D. Instruments and Measures
To evaluate the outcomes and impact of the AI-PBL model, three 
structured measurement instruments were employed in this 
study. Firstly, the Standardized PBL Rubric (0–100) was utilized for 
the quantitative assessment of student project output, covering 
dimensions such as technical accuracy, creativity and innovation, 
and presentation quality. Secondly, the AI-PBL Student Perception 
Survey (5-point Likert scale) was administered to capture students’ 
attitudinal and experiential data regarding the model, focusing 
on key perceptual dimensions including usefulness, efficiency, 
trust, collaboration, and ethics. Finally, the Faculty Workload 
Tracking Form was used to measure changes in instructional effi-
ciency and time allocation, specifically tracking the hours spent 
on feedback and milestone grading. The combined application of 
these measures enabled the triangulation of performance data, 
participation analytics, and user-experience indicators, facilitat-
ing a comprehensive, multi-dimensional evaluation of the AI-PBL 
model.

E. Artificial Intelligence System Architecture
The system is a modular, cloud-integrated architecture compatible 
with existing Learning Management Systems (LMS) at NSU. The 
architecture is designed for transparency and pedagogical fidelity.
The model operates through five interconnected components:

•	 Natural Language Processing Engine: Analyzes student submis-
sions, peer reviews, and reflective notes for clarity, argumentation, 
and domain requirements. To improve transparency and repro-
ducibility, the study provides additional information regarding the 
AI interaction protocol. Prompt templates were designed to guide 
the AI system to evaluate submissions according to rubric dimen-
sions such as clarity, technical accuracy, and argument structure. 
These prompts constrained the AI responses to feedback-oriented 
suggestions rather than content generation. The prompt design 
and evaluation workflow are described in the Methods section to 
allow replication in similar educational contexts.

•	 Rubric-Matching Module: Compares submissions against rubrics 
using rule-based and machine learning approaches.

•	 Adaptive Feedback Engine: Applies reinforcement learning to 
dynamically regulate feedback depth and frequency based on 
learner performance, engagement indicators, and collaboration 
patterns. The system increases feedback intensity when rubric 
scores for early milestones fall below predefined thresholds (e.g., 
65/100) or when collaboration analytics detect uneven contribu-
tion patterns among team members. Conversely, when teams 
demonstrate consistent progress and balanced participation (e.g., 
rubric scores above 80/100), the system gradually reduces auto-
mated feedback to encourage learner autonomy.

•	 Collaboration Analytics Module: Monitors frequency, timing, and 
quality of contributions within teams.

•	 Human Verification Layer: Educators serve as the human validators 
in the loop, reviewing AI-generated suggestions for pedagogi-
cal soundness, cultural appropriateness, and ethical compliance. 
To mitigate potential inaccuracies or hallucinations generated 
by AI systems, all AI-generated feedback passed through this 
human verification layer before being communicated to students. 
Instructors reviewed the feedback suggestions through the fac-
ulty administrative interface and validated their pedagogical and 
technical accuracy. This hybrid verification process ensured that AI 

outputs functioned as formative suggestions rather than autono-
mous evaluative decisions.

The AI-supported feedback system operates through a hybrid archi-
tecture combining NLP, rule-based rubric matching, and adaptive 
feedback adjustment. In the pilot implementation, a large language 
model (LLM)-based system was used for semantic analysis of student 
submissions. The adaptive feedback component applied rule-guided 
reinforcement logic rather than full reinforcement learning training. 
Feedback intensity was adjusted based on predefined parameters 
including rubric scores, contribution distribution, and engagement 
indicators. Historical rubric evaluations and anonymized project 
submissions from previous courses were used as calibration data for 
tuning the feedback rules. Students interacted via a real-time dash-
board displaying feedback, milestones, and contribution analytics, 
while instructors used a supervisory interface for score adjustment 
and risk monitoring.

F. User Interface and Human-Artificial Intelligence Interaction
The system facilitates seamless interaction through dedicated user 
interfaces tailored to the distinct needs of students and faculty, opti-
mizing the Human–AI Interaction (HAI) framework:

•	 Student Dashboard: Students primarily interacted with a web-
based dashboard designed for real-time, SRL. This interface 
displayed:

•	 Real-time progress tracking against project milestones.
•	 AI-generated parametric feedback on specific dimensions (e.g., 

clarity, technical issues, creativity suggestions).
•	 Collaboration analytics that visually represent individual contribu-

tions to the group.
•	 Milestone indicators and submission status.
•	 Faculty Administrative Panel: Faculty members utilized a distinct 

administrative interface to execute their critical oversight role as 
the human validator in the loop. This panel allowed them to:

•	 Verify AI-generated feedback and manually override or adjust sug-
gestions as needed.

•	 Adjust rubrics and parametric settings for forthcoming 
assignments.

•	 Monitor group performance at a macro level.
•	 Access warning alerts generated by the LA module for groups or 

students exhibiting low engagement or high risk of failure.

G. Data Sources
The effectiveness of the AI-PBL system is contingent upon its abil-
ity to process a diverse range of structured and unstructured data 
streams generated during the PBL cycle. These data points collec-
tively enable the system to calculate parametric feedback and derive 
actionable LA.

Data were gathered continuously throughout the 8-week imple-
mentation via three channels:

1.	 Performance and Product Data: draft submissions, AI-evaluated 
rubrics, and final project scores.

2.	 Learning Analytics Traces: timestamp logs, revision frequency, 
contribution counts, dashboard engagement records.

3.	 Self-Report and Reflection Data: post-activity surveys (N = 304), 
reflective journals, and faculty discussion insights.

All datasets were consolidated at the end of the intervention for 
comparative and correlational analysis.
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The AI operates using the following data sources:

•	 Student Submissions: Drafts, milestone reports, and final proj-
ect documentation, providing content and structure for NLP 
analysis.

•	 Peer Review Records: Data on the quality and content of feedback 
exchanged between students, enabling the system to assess col-
laborative skills and critical review abilities.

•	 Activity Logs: Digital trace data including timestamps, edits, and 
revision frequency, crucial for the LA module to monitor engage-
ment and time on task.

•	 Reflective Journals: Unstructured qualitative data used by the NLP 
engine to gauge metacognitive engagement and understanding 
of the learning process.

•	 Historical Data: Past project rubrics and instructor evaluations, 
serving as a training dataset to calibrate the system’s scoring and 
feedback generation.

All data collected and processed was anonymized and handled in 
strict compliance with university protocols and ethical research 
practices to ensure student privacy and data integrity.

H. Data Analysis
Quantitative evaluation included descriptive statistics, pre/post 
performance comparison, and correlational testing. The post-imple-
mentation dataset showed significant gains in quality indicators and 
participation metrics, alongside measurable decreases in instructor 
workload. The relationship between collaboration levels and project 
outcomes demonstrated a moderate positive correlation (r = 0.51, p 
< .01). A secondary correlation (r = 0.42, p < .01) linked workload 
reduction with improved outcome quality.

Qualitative data were analyzed thematically, producing three major 
interpretive domains:

(1) efficiency and time redistribution,
(2) improved collaborative equity and participation balance,
(3) increased student confidence and AI-supported self-regulation.

I. Validity and Reliability
Internal reliability of the student survey was confirmed with 
Cronbach’s alpha (α = 0.83), while inter-rater scoring reliability for 
projects yielded Cohen’s κ = 0.78. Validity was reinforced through 
methodological triangulation—rubric outcomes, AI analytics, survey 
responses, and qualitative accounts aligned consistently. The Human 
Verification Layer further strengthened construct validity by ensur-
ing that scoring and feedback remained pedagogically and contex-
tually sound rather than algorithm driven.

IV. EMPIRICAL PILOT STUDY RESULTS

A. Faculty Workload and Efficiency Analysis
A primary hypothesis of this research was that AI integration would 
mitigate the high instructional load inherent in conventional PBL. 
This was assessed by tracking the average weekly time faculty spent 
on recurrent assessment tasks before and after the AI-PBL system 
deployment. The results, detailed in Table I, confirm that 4.1. Faculty 
Workload and Efficiency Analysis the AI successfully automated pro-
cesses traditionally associated with the “inner-loop” of ITSs, thereby 
freeing up faculty time.

As shown in Table I, the integration resulted in a 28.0% reduction in 
time spent on Project Feedback Provision and a 26.2% reduction in 
Milestone Evaluation. A two-tailed paired samples t-test confirmed 
that these reductions were statistically significant (p < 0.001). These 
findings underscore the system’s effectiveness in scaling PBL by 
addressing the critical barrier of intensive faculty workload. The time 
recovered was reallocated towards high-value, contextualized men-
toring and “outer-loop” pedagogical orchestration.

B. Student Engagement and Collaboration Dynamics
The LA module was integral to monitoring team dynamics, providing 
data for real-time personalization, and generating parametric feed-
back alerts for under-contributing students. Student engagement 
and collaboration were measured using a validated post-activity 
survey (Likert scale) and digital trace data collected by the system’s 
Collaboration Analytics Module.

Table II reveals a 14.7% increase in the Group Collaboration Score. 
More critically, the 23.7% surge in Mean Individual Contributions 
per Student provides strong evidence that the system success-
fully mitigated the tendency toward social loafing often observed 
in group projects. The adaptive nature of parametric feedback 
ensured early identification and scaffolding for low-contributing 
members, promoting more equitable participation across all proj-
ect teams.

C. Enhancement in Project Output Quality
Student projects were rigorously assessed using a standardized 
university rubric that employed six core assessment categories 
(presented as the mean of three key categories in Table III). The 
project outcomes under the AI-PBL model demonstrated superior 
quality across all metrics compared to pre-intervention baseline 
data.

The Overall Mean Score improved by 12 points, suggesting that 
AI-scaffolded instruction significantly enhanced the depth, struc-
ture, and execution of student work. The substantial +13 point 
increase in Technical Accuracy is particularly notable, indicating the 
system’s ability to correct technical errors and formal inconsistencies 
that often detract from real-world project viability. The Overall Mean 
Score improved by 12 points, with a +13 increase in technical accu-
racy and improvements across all rubric dimensions.

D. Student Perception and Attitudinal Data
To complement the quantitative performance metrics, an anony-
mous survey was administered to all 304 student participants at 
the conclusion of the pilot to assess their background, readiness, 
and perception of the AI-PBL model’s usability, effectiveness, and 
impact on SRL. The survey examined four key dimensions central to 

TABLE I.  REDUCTION IN AVERAGE FACULTY TIME INVESTMENT

Metric
Pre-AI Mean 

(Hours)
Post-AI Mean 

(Hours)
Percentage 

Change 

Project Feedback 
Provision

12.0 8.7 −28.0%

Milestone Evaluation 
and Grading

8.0 5.9 −26.2%

Note. Positive percentage change values indicate improvement following the 
pilot intervention.
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HAI research: (a) digital readiness, (b) perceived usefulness and effi-
ciency of the AI-based parametric feedback system, (c) collaboration 
and SRL, and (d) trust, ethics, and transparency. This attitudinal data 
was critical for understanding the HAI dynamics and the perceived 
usefulness of the parametric feedback mechanism

1) Demographic Context and Digital Readiness:
Survey results indicate that (Table IV) students represented a broad 
disciplinary spectrum including Foreign Languages, Medicine, 
Economics and Management, and Engineering. The distribution 
of academic year showed a high proportion of first-year students 
(45.7%), followed by third-year (20.4%), fourth-year (17.1%), and 
second-year (16.8%) students. This demographic structure suggests 
that the AI-PBL model functioned effectively as an onboarding scaf-
fold for students newly transitioning to university-level project work.

Regarding digital tools usage, the results indicated a high level of 
institutional digital engagement among the student body, confirm-
ing NSU’s readiness for AI integration.

Digital readiness indicators (Table V) further confirm a strong 
institutional foundation for AI integration. A majority of students 
reported high-frequency use, with 54.0% selecting “Often” or 
“Always.” This high level of existing engagement with digital infra-
structure (LMS, e-library) is a crucial prerequisite for the seam-
less adoption of the AI-PBL system. Further supporting this, the 
survey found that approximately 87.2% of respondents (Strongly 
Agree + Agree) felt comfortable using digital tools (LMS, Google 
Docs, online submission), which validates the underlying digital 
competence of the student cohort. This high usage rate confirms 
the digital readiness of the student cohort, minimizing adoption 
barriers for the AI system.

Student experience with PBL prior to the course was generally low, 
validating the need for the AI’s scaffolding:

Considering the results in Table VI, it is seen that students’ prior 
experience with PBL was generally low to moderate. While 34.5% of 
students had never encountered it before, 41.4% had experienced 
it before; however, this was limited. This shows that, in general, stu-
dents are familiar with the basic concepts but are not fully familiar 
with the systematic PBL process.

2) Perceived Usefulness and Efficiency:
Student responses demonstrated a consistently positive perception 
of the AI-driven parametric feedback system, particularly in terms 
of clarity, fairness, and efficiency. As shown in Table VII, the major-
ity of respondents agreed or strongly agreed that rubric criteria 
were clear (80.9%), that AI-assisted scoring was fair (82.9%), and that 
they trusted the final grade (81.3%). The distribution of responses 
across all three indicators shows minimal disagreement (≤3%), fur-
ther underscoring the perceived transparency and reliability of the 
assessment process.

In terms of perceived usefulness, students expressed strong satis-
faction with the AI-generated feedback across multiple dimensions 
(Table VIII). Between 83% and 89% of participants agreed or strongly 
agreed that the AI system provided timely feedback, enhanced the 
clarity and structure of their work, and improved its technical or sub-
ject-matter quality. These results were highly consistent across data-
sets: for example, 86.2% of respondents reported receiving timely 
feedback, closely mirrored by the 83.9% reported in the secondary 
dataset. Similar convergence was observed for improvements in 
clarity (88.5–88.8%) and technical quality (88.8%).

With respect to efficiency, a substantial proportion of students (84–
84.5%) indicated that the AI system effectively reduced the time they 
typically spent on repetitive revisions. In parallel, 85.2% affirmed 
that AI improved their overall PBL experience, suggesting that the 
feedback mechanism not only enhanced academic quality but also 
reduced cognitive and temporal load.

Students demonstrated consistently high levels of perceived useful-
ness regarding the AI-based parametric feedback system. Between 

TABLE II.  IMPROVEMENT IN STUDENT ENGAGEMENT AND COLLABORATION METRICS

Metric Pre-Test Mean (Pre-Intervention) Post-Test Mean (Post-Pilot) Percentage Change

Group Collaboration Score (Likert 1–5 Scale) 3.4 3.9 +14.7%

Mean Individual Contributions per Student 5.9 7.3 +23.7%

Note. Positive percentage change values indicate improvement following the pilot intervention.

TABLE III.  SIGNIFICANT IMPROVEMENT IN PROJECT QUALITY SCORES (OUT 
OF 100)

Category
Pre-Test 

Mean Score
Post-Test Mean 

Score
Improvement 

Score

Technical Accuracy 70 83 +13

Creativity & 
Innovation

74 86 +12

Presentation Quality 72 83 +11

Overall Mean Score 72 84 +12

Note. Scores based on a standardized university project-assessment rubric. 
Higher post-test scores indicate improved project quality under the AI-PBL 
model.

TABLE IV.  DISTRIBUTION OF STUDENT PARTICIPANTS BY YEAR OF STUDY 
(N = 304)

Year of Study Percentage of Total Respondents

1st Year 45.7%

2nd Year 16.8%

3rd Year 20.4%

4th Year 17.1%

Note. Percentages reflect the distribution of the 304 student respondents by 
academic year.
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83% and 89% of participants agreed or strongly agreed on key 
dimensions of effectiveness: 86.2% reported that the AI provided 
timely feedback (with a parallel finding of 83.9% in the secondary 
dataset), 88.5–88.8% stated that it improved the clarity and structure 
of their work, and 88.8% affirmed that it enhanced the technical or 
subject-matter quality of their assignments. In terms of efficiency, 
84.5%–83.9% agreed that the system reduced the time spent on 
repetitive revisions, while 85.2% indicated that AI improved their 
overall PBL experience. Usage patterns further showed that (Table IX) 
students employed AI throughout the entire project cycle—primarily 
for brainstorming (42.4%), planning milestones (17.8%), and receiv-
ing feedback (12.2%)—demonstrating that the tool functioned not 
merely as a final-draft editor but as a continuous parametric scaffold 
providing actionable, timely, and iterative “inner-loop” feedback that 
increased both quality and efficiency in their learning processes.

Patterns of AI usage (Table IX) further reveal that students employed 
the tool throughout all stages of the project cycle—not only dur-
ing final drafting. The majority used AI for brainstorming (42.4%), 
followed by structuring milestones (17.8%) and receiving feedback 
(12.2%). Only 11.5% reported not using the tool at all. Usage pat-
terns reveal that students engaged with the AI system at various 
stages of the project cycle, offering actionable and iterative “inner-
loop” guidance rather than merely acting as a final-stage evaluator. 
This multi-phase integration aligns with theories of adaptive forma-
tive feedback, which highlight the importance of timely micro-level 
input in improving learning outcomes.

Beyond efficiency and usefulness, students also reported notable 
perceived benefits (Table X) across several higher-order learning 
competencies. A combined 81–84% agreed or strongly agreed that 

AI-enhanced feedback improved their critical thinking, strength-
ened teamwork skills, and helped them better identify connections 
between theory and practice. These perceived improvements paral-
lel the objective gains observed in rubric-based performance scores, 
suggesting a strong alignment between learner experience and 
measured learning outcomes.

The results also demonstrate that students not only accepted but 
actively benefited from the integration of AI into the PBL work-
flow, supporting the broader argument that AI-augmented forma-
tive assessment can substantially strengthen student engagement, 
metacognitive regulation, and product quality in higher education.

3) Collaboration and Self-Regulated Learning:
The data clearly demonstrates the AI system’s positive influence on 
group dynamics—a core component of effective PBL. As shown in 
Table XI, students consistently reported that the AI-supported work-
flow enhanced the fairness, inclusiveness, and overall coordination 
of team processes.

First, equitable task distribution emerged as a notable strength of 
the system. A combined 82.2% of participants (250 students) agreed 
or strongly agreed that the AI tool helped distribute tasks fairly 
within their team. This suggests that the automated prompts and 
workload-tracking mechanisms successfully mitigated common PBL 
challenges such as uneven contribution and role ambiguity.

Similarly, the AI system played a key role in fostering inclusive partici-
pation. An identical 82.2% of students reported that the tool encour-
aged quieter or less assertive members to participate more actively. 
This finding directly reinforces the study’s quantitative results show-
ing increased individual contributions (Table II), indicating that 
AI-assisted scaffolding may reduce social loafing and promote more 
balanced team engagement.

The feedback mechanisms also supported conflict management. 
While agreement levels were slightly lower for the item on “resolv-
ing or flagging conflicts,” a substantial 77.96% still agreed or strongly 
agreed that the AI helped identify or address team-related tensions. 
This suggests that while AI may not replace interpersonal nego-
tiation, it provides useful structure and early detection for potential 
coordination issues.

Finally, the effectiveness of these collaborative gains is underpinned 
by students’ strong SRL readiness and digital comfort. A total of 
86.5% of respondents indicated that they felt comfortable using 

TABLE V.  FREQUENCY OF USING UNIVERSITY DIGITAL TOOLS (N = 304)

Frequency of University Digital Tool Use 
(Portal, LMS, e-Library)

Percentage of Total 
Respondents

Never 12.2%

Sometimes 29.3%

Often 30.6%

Always 23.4%

Note. Percentages represent how frequently students report using university-
provided digital tools.

TABLE VI.  PRIOR PBL EXPERIENCE OF PARTICIPANTS (N = 304)

Prior Experience with PBL (Before this 
Course)

Percentage of Total 
Respondents

None 34.5%

A little (1–2 projects) 41.4%

Moderate (3–5 projects) 17.1%

Extensive (6+ projects) 7.0%

Note: Percentages represents students experiences with PBL prior to the course 
was generally low to moderate.

TABLE VII.  ASSESSMENT AND FAIRNESS

Response

Rubric and 
Scoring Were 

Clear (%)
AI-assisted Scoring 

Was Fair (%)

I Trust the 
Final Grade 

Freq (%)

Strongly agree 18.77 18.09 17.76

Agree 62.17 64.80 63.49

Neither agree nor 
disagree

16.12 14.47 15.46

Disagree 1.98 1.64 1.98

Strongly disagree 0.99 0.99 1.32



Electrica 2026; 26: 1-14
Jafarli et al. A Model for Nakhchivan State University

9

digital tools such as the LMS and Google Docs—an essential prereq-
uisite for seamless AI integration in PBL environments. This high level 
of digital competence likely amplified the impact of the AI scaffold, 
enabling students to engage more productively with automated 
suggestions and monitoring features.

Collectively, these findings indicate that the AI-supported PBL model 
not only improved individual accountability but also strengthened 
group cohesion, fairness, and inclusiveness—validating its role as a 
socially responsive and pedagogically aligned enhancement to col-
laborative learning.

4) Trust, Ethics, and Transparency:
The survey results indicate a high level of student trust in the ethi-
cal and transparent use of AI within the PBL workflow, underscor-
ing the effectiveness of the system’s Human Verification Layer and 
the clarity of the institution’s ethical guidelines. As summarized in 
Table XII, the majority of respondents expressed confidence that 
AI-supported processes were fair, transparent, and aligned with ethi-
cal academic practice.

Regarding fairness, 82.2% of students (250 respondents) agreed or 
strongly agreed that the AI feedback did not introduce bias against 
any individual. This suggests that the AI model’s scoring parameters, 
combined with human oversight, were successful in maintaining 
equitable evaluation across diverse student groups.

Similarly, levels of transparency were notably high. The same 82.2% 
of participants reported that they clearly understood how and 
when AI was used in the assessment process. This indicates that 
the instructional design—including documentation, tutorials, and 
explicit communication regarding AI involvement—adequately sup-
ported student awareness and reduced uncertainty around auto-
mated components of grading.

In terms of local relevance, 75.6% of respondents (230 students) 
agreed or strongly agreed that AI-generated suggestions were 
appropriate for the cultural and academic context of Nakhchivan/
Azerbaijan. This finding is especially significant in emerging educa-
tional settings, where concerns about the contextual fit of AI tools 
are common. The high localization ratings suggest that the system’s 
parametric feedback either naturally aligned well with the local con-
text or that instructional scaffolds successfully adapted the AI out-
puts for context-sensitive use.

Together, these indicators reveal that students not only perceived 
the AI system as technically useful but also as ethically reliable and 
contextually appropriate, reinforcing its viability for broader insti-
tutional adoption. The combination of fairness, transparency, and 
contextual alignment reflects positively on the system’s governance 
structure and provides empirical support for its responsible integra-
tion into higher education assessment practices.

The student survey results triangulate the faculty workload and 
rubric-based performance data: the 26–28% reduction in faculty 
time is mirrored by 84.5% of students reporting that AI reduced 
repetitive revisions, while the 12-point gain in project quality is 
reflected in very high perceived gains in critical thinking, teamwork, 
and theory–practice integration.

Beyond efficiency, the attitudinal data confirm that AI-supported 
PBL addressed a core weakness of traditional group projects: social 
loafing. More than four in five students felt that the AI tool distrib-
uted tasks more fairly and drew quieter members into the interac-
tion, directly corroborating the increase in individual contributions 
captured by the collaboration analytics module.

Interestingly, high levels of trust in AI’s fairness and transparency 
co-exist with a substantial affective concern that AI might replace 
teacher guidance (66.4%). This tension suggests that successful 
AI-PBL implementation is not only a technical or pedagogical issue 
but also a matter of identity and role definition: AI must be framed 
and practiced as a cognitive scaffold under explicit human oversight, 
rather than as a surrogate teacher.

TABLE VIII.  PERCEIVED USEFULNESS AND EFFICIENCY

Item
Strongly Agree, 

% Agree, % Neither, % Disagree, %
Strongly 

Disagree, %

The AI feedback I received was timely 19.74 66.45 11.18 1.97 0.66

The AI feedback helped me improve the clarity/structure of my 
work

23.68 64.80 9.54 1.32 0.66

The AI feedback helped me improve the technical/subject 
content of my work

23.36 65.46 9.21 1.64 0.33

AI suggestions were relevant to our local context (Nakhchivan/
Azerbaijan)

18.75 60.86 17.43 1.97 0.99

I feel comfortable relying on AI for minor, repetitive feedback 
(formatting, grammar)

21.05 63.49 12.17 2.30 0.99

I worried that AI feedback might replace teacher guidance 15.46 50.99 21.38 8.22 3.95

TABLE IX.  AI TOOL USAGE PURPOSES

Purpose of AI Use %

Brainstorming 42.4

Planning milestones 17.8

Drafting reports 10.2

Peer review 5.9

Receiving feedback 12.2

Not used 11.5
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Given that over half of the cohort had no prior experience with PBL, 
yet reported high confidence in planning, task division, and digital 
tool use, the AI-PBL model appears particularly promising as a struc-
tured onboarding mechanism that bootstraps SRL skills while main-
taining equitable participation in large, heterogeneous cohorts.

Overall, the attitudinal data strongly affirm that students not only 
accepted but also valued the AI-PBL model. Their perceptions rein-
force the system’s quantitative outcomes and validate its theoreti-
cal grounding in Constructivism, SRL and Human–AI co-agency. 
High levels of trust, transparency, and perceived usefulness indicate 
that the parametric feedback mechanism succeeded in fulfilling its 
intended role: enhancing learning quality, improving collaborative 
dynamics, and supporting equitable, efficient, and culturally appro-
priate PBL. Also, this data strongly validates the ethical and transpar-
ency measures built into the system, which are critical for sustainable 
AI adoption.

V. DISCUSSION

The current study proposed and successfully piloted an institution-
based model at X University that leverages AI as a parametric feed-
back mechanism to address the persistent challenges of scaling PBL 
in a higher education context, particularly the intensive demands on 
faculty workload and continuous assessment. The empirical results 
demonstrate that this AI-PBL integration is a viable strategy, yielding 
significant faculty workload reduction while simultaneously enhanc-
ing key student outcomes and maintaining strong pedagogical 
alignment with core learning principles.

A. Scaling PBL through AI-Enhanced Efficiency and Faculty Relief
The most compelling finding from the Faculty Workload and 
Efficiency Analysis (Section 4.1) is the substantial 26–28% reduction 

in faculty workload observed in the pilot group. This outcome directly 
addresses the most critical barrier to the widespread adoption of 
problem-based learning: the significant time investment required 
from instructors [1]. The effectiveness of the model is grounded in 
the principle of HI [36] , whereby AI systems assume responsibility for 
repetitive, structural, and technical feedback tasks, allowing human 
instructors to concentrate on complex pedagogical guidance and 
context-sensitive interaction. By alleviating the faculty resource 
bottleneck, the model enables institutional-level scaling of PBL, a 
pedagogical approach shown to be essential for fostering authentic 
problem-solving and collaboration skills [1], [8]. Moreover, the scal-
ability afforded by this model reinforces the well-documented ben-
efits of PBL for student engagement, academic achievement, and 
character development, as evidenced by cross-national research [11] 
and meta-analytical findings demonstrating positive effects on criti-
cal thinking in higher education [12] .

B. The AI Feedback Mechanism and Student Self-Regulation
The AI system, functioning as an ITS, provided fine-grained, adaptive 
scaffolding [42] ]. This mechanism aligns perfectly with Vygotsky’s 
ZPD, where the AI serves as a modern tool to provide adaptive and 
tailored support, moving the learner from independent ability to 
assisted achievement [39] .

The quantitative data from the Student Engagement and 
Collaboration Dynamics (Section 4.2) and Enhancement in Project 
Output Quality (Section 4.3) strongly validate this scaffolding 
approach, particularly in fostering SRL:

•	 Objective and Perceived Quality Gains: The incorporation of AI 
produced measurable and meaningful gains in student perfor-
mance. Project quality improved by 12 points on the standardized 

TABLE X.  PERCIVED BENEFITS PERCEIVED BENEFITS

Response
Improved Critical 

Thinking (%)
Improved Teamwork 

Skills
Saw Links Between 
Theory and Practice

AI Reduced Revision 
Time

AI Improved PBL 
Experience

Strongly agree 16.12 16.78 17.42 19.41 18.42

Agree 65.13 67.46 67.11 65.13 66.78

Neither agree nor disagree 6.12 11.84 13.16 12.83 12.83

Disagree 1.32 1.32 1.32 1.32 0.99

Strongly disagree 1.32 1.32 0.99 1.32 0.99

TABLE XI.  TEAMWORK AND COLLABORATION

Response
Distribute Tasks 

Fairly (%)
Resolve or Flag 

Conflicts (%)
Encourage Quieter 

Members (%)

Strongly agree 20.07 15.13 18.42

Agree 62.83 62.83 63.49

Neither agree 
nor disagree

15.13 19.74 16.12

Disagree 1.32 1.64 1.32

Strongly 
disagree

0.66 0.66 0.66

TABLE XII.  RISKS, ETHICS, AND TRANSPARENCY – COMBINED FREQUENCIES 
AND PERCENTAGES

Response
No Bias 

Introduced (%)
Understood AI 

Use (%)
Properly Cited 

AI Use (%)

Strongly agree 19.41 16.45 19.08

Agree 61.84 66.12 62.83

Neither agree 
nor disagree

15.46 15.13 15.46

Disagree 1.64 1.32 1.64

Strongly 
disagree

1.64 0.99 0.99
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university rubric, with notable category-specific gains of +13 in 
technical accuracy, +12 in creativity, and +11 in presentation qual-
ity (Table III). These objective improvements match student per-
ceptions remarkably closely. For instance, 88.8% of students stated 
that AI improved the clarity and structure of their work, and 88.8% 
reported enhanced technical or subject-matter quality (Table VIII).

•	 Actionable Guidance: This convergence demonstrates that AI feed-
back was not superficial. Rather than merely correcting grammar 
or surface-level issues, students perceived the system as offering 
actionable and conceptually relevant guidance, which is consis-
tent with the empirical improvement across rubric dimensions.

•	 Self-Regulation: The system was effective in cultivating SRL, with 
students reporting high confidence in managing long-term proj-
ects (81.9%) and effectively managing task division and deadlines 
(83.2%). This enhanced capacity for SRL is a direct outcome of the 
continuous, external feedback cycle, which fosters internal moni-
toring and self-assessment [19],[37], [43] ,[44] .

The connection between the rubric-based gains and subjective 
perceptions provides additional validation, supporting the mod-
el’s alignment with constructivist theories of learning [1],[8],[12] 
. Furthermore, a moderate positive correlation (r = 0.51, p < 0.01) 
between AI-supported participation and final project quality (Section 
4.4) illustrates that the system enhanced both the process and the 
product of learning, which resonates with emerging research on the 
positive influence of Generative AI (GAI) feedback on the outcomes 
of inquiry-based learning [19],[37],[44],[45]

C. Collaboration, Equity, and the Connected Learning 
Environment (4.2)
Traditional PBL environments often suffer from unequal participa-
tion, where some students dominate while others disengage [1]. The 
findings from Student Engagement and Collaboration Dynamics 
(Section 4.2) and Teamwork and Collaboration data (Section 4.5) 
strongly indicate that the AI-PBL model effectively mitigated this 
social loafing phenomenon.

•	 Collaboration and Participation Equity: Collaboration analytics 
documented a 23.7% increase in mean individual contributions 
per student (Table II), suggesting that AI-supported prompts and 
alerts helped maintain equitable engagement throughout the 
project cycle. Student perception data confirms this interpreta-
tion: 82.2% of respondents reported that AI encouraged quieter 
members of the team to participate more, and 82.2% agreed that 
the AI tool helped distribute tasks fairly.

•	 Mitigating Social Loafing: This consistency between behav-
ioral indicators and subjective reports is especially noteworthy 
because collaborative equity is a pedagogical outcome that is 
notoriously difficult for human instructors to monitor at scale 
[1],[8],[12],[44],[46] . The AI system’s real-time analytics identified 
low-engagement patterns early, generated targeted support, and 
thereby normalized participation across diverse students.

D. Ethical Soundness and Student Trust
The ethical soundness of AI-mediated instruction depends heavily 
on student trust. Across all trust-related indicators (Table VII), stu-
dent agreement exceeded 75%, demonstrating broad acceptance of 
the AI integration. Specifically, 82.2% of students believed AI feed-
back was unbiased, and 82.2% understood the transparency of AI 
use in assessment. This high level of trust is supported by the finding 

that students perceived the AI as an impartial assessor [14],[19]
[37],[44],[45] 

Moreover, 75.6% agreed that AI suggestions were relevant to the 
local cultural and educational context of X University (Trust/Ethics 
dataset). This finding is critical for responsible AI adoption in cultur-
ally diverse educational systems, emphasizing the need for tools 
to be locally resonant. These trust levels align with HAI principles 
emphasizing explainability, oversight, and clarity of role boundaries 
[19],[36],[37] [45] .

It is notable that despite the high trust levels, 66.4% of students 
expressed concern that AI might replace teacher guidance (Concern 
item in Table VI). This affective tension does not undermine the sys-
tem’s credibility; rather, it highlights the need for future deployment 
strategies to explicitly reinforce the teacher’s irreplaceable pedagog-
ical role within the HI framework, aligning with Connectivist views 
that acknowledge the continuing importance of human educators 
[19],[35], [36], [40], [41] [47]. 

While the findings provide encouraging evidence for the effective-
ness of the proposed AI-supported PBL model, they should be inter-
preted within the context of a pilot implementation conducted in a 
single institutional setting.

VI. CONCLUSION

This study aimed to address the fundamental challenge of scalabil-
ity in PBL within higher education—specifically at X University—by 
proposing and empirically testing a model that integrates AI as a 
parametric feedback mechanism. The findings provide substantial 
evidence supporting the model’s viability, demonstrating that AI 
can act as a crucial pedagogical partner to optimize both faculty effi-
ciency and student learning outcomes.

The most significant empirical contribution is the demonstration of 
faculty relief, with the AI integration yielding a 26–28% reduction in 
instructor workload. This result effectively dismantles the primary 
logistical barrier to wider PBL adoption [1] and validates the concept 
of HI, where technology is employed not for replacement, but for 
synergistic efficiency [36] .

The study confirms that this efficiency was achieved without com-
promising, and indeed, while actively enhancing pedagogical 
quality:

1.	 Project Quality and Relevance: The AI-mediated feedback pro-
duced measurable gains in student performance, resulting in a 
12-point overall improvement on the standardized university 
rubric. The strong convergence between these objective gains 
(e.g., +13 in technical accuracy) and student perceptions (88.8% 
agreement on improved technical quality) demonstrates that 
the AI provided actionable, conceptually relevant guidance, 
extending beyond superficial correction.

2.	 Self-Regulation and Scaffolding: The system successfully fos-
tered student autonomy, aligning the model with constructivist 
principles. The adaptive, continuous feedback enabled students 
to significantly increase their capacity for SRL, as reflected by 
high confidence in managing complex projects (81.9%). This 
function positions the AI as a contemporary, effective tool for 
providing scaffolding within Vygotsky’s ZPD.
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3.	 Equity and Collaboration: The model actively improved group 
dynamics. Collaboration analytics showed a 23.7% increase in 
mean individual contributions, effectively mitigating the com-
mon problem of “social loafing” and unequal participation. This 
evidence, triangulated with student agreement on fair task dis-
tribution (82.2%), confirms the AI’s role as an impartial tool for 
promoting collaborative equity.

4.	 Trust and Ethical Soundness: The ethical integration was suc-
cessful, with student trust in the AI’s unbiased nature and 
transparency exceeding 82%. While the model achieved broad 
acceptance, the observed concern from 66.4% of students 
regarding potential teacher replacement underscores a crucial 
recommendation: future deployment strategies must explic-
itly reinforce the indispensable role of the human educator 
in providing contextual, high-level guidance, solidifying the 
Connectivist view that human expertise remains central to the 
networked learning process.

In conclusion, the AI-PBL model developed at NSU provides an 
empirically validated framework for the responsible and effective 
integration of AI into higher education. It demonstrates that AI can 
resolve institutional bottlenecks, enhance core student competen-
cies, and sustain pedagogical alignment with modern learning 
theories. The findings pave the way for future research to transition 
from measuring the efficiency of the AI to quantifying the qualitative 
impact of the newly freed faculty time on pedagogical depth.

VII. LIMITATIONS AND FUTURE RESEARCH

While the pilot study established initial empirical support for the 
AI-PBL model, several limitations should be acknowledged. First, the 
implementation was conducted within a single institutional context, 
which may limit the generalizability of the findings to other educa-
tional environments. Second, the duration of the intervention was 
relatively short (eight weeks), which restricts the ability to observe 
longer-term impacts on student learning and self-regulation devel-
opment. Third, the study did not employ a randomized control 
group, which means that causal interpretations should be consid-
ered with caution.

Future studies should therefore include longer implementation 
periods, multi-institutional samples, and experimental designs 
incorporating randomized control groups to further validate the 
model.

Another limitation concerns the absence of a randomized control 
group. The pilot study was designed as an exploratory implemen-
tation within an authentic classroom setting, prioritizing feasibility 
and institutional integration. Therefore, the observed improvements 
cannot be interpreted as purely causal effects of AI integration. 
Future studies should incorporate controlled experimental designs 
to isolate the individual contributions of AI-supported feedback and 
PLB.
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