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Abstract - Artificial intelligence has revolutionized education. It is certainly changing the world for academic and professional spaces around the globe at a very high level. The dependence of students on AI tools for research, project work, and even test-taking has increased a lot. In one way, this saves time; however, it can hamper the acquisition of hands-on skill and independent critical thinking that employers nowadays seek from candidates. The bottom line is that there is a need to rethink how we use learning with AI. We should think of it as a means for skill development rather than using it as a shortcut. There seems to be a lot of tension regarding online learning in general and engineering students in particular. Although AI offers personalized responses and care via learning tendency analysis, students also live through psychological pressure at the same time that comes from the aspect of continuous observation with little human interaction. Attempts to better the teaching and learning outcomes should harmoniously run together with a thorough understanding of what a student experiences. While enhancing the paradigm through AI, enabling specialized assistance according to different learning needs should not limit the scope or well-being of a person. This makes students up-to-date with the needs of the future, resolves the skill gap, and focuses on long-term academic and personal growth.
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I. INTRODUCTION


Online learning, especially in higher education, is becoming so fast-paced that it is changing teaching and learning processes [1][14]. The development of Artificial Intelligence (AI) in education brings with it the need for data-driven insights, starting as an idea out of a science fiction movie and quickly emerging as one of the strongest tools in every industry [1][5]. One interesting use of AI in education is to improve the learning experience through the examination of student behaviour on digital platforms [4][7]. AI-based learning analytics tools observe student engagement with course materials, automate a few simple repetitive tasks, and provide real-time feedback that is useful in collaborative learning

[4][7][9]. Such systems employ complex algorithms to cluster students based on engagement patterns, predict academic success, identify at-risk learners, and generate personalized educational experiences to enhance outcomes [5][7][9].
Nevertheless, combining such powerful tools into one coherent whole is fraught with challenges. Traditional collaborative tools are not fully functional in complex educational settings and lack the intelligence to meet differing student needs [2][15]. Although AI platforms can help address these issues, serious questions arise about their implications for student learning and the psychosocial impact on learners [10][11]. For engineering
students, who already face a highly stressful and demanding curriculum in online environments not suited for hands-on learning, the psychological effects are difficult to ignore [11][12]. Studies show that this group often experiences higher levels of stress and burnout than students in other disciplines [11][12]. In environments with low engagement and unclear responsibilities, team dynamics frequently suffer from miscommunication and uneven participation, negatively affecting performance and outcomes [2][13][15]. The transition to online learning can also amplify feelings of boredom, anxiety, and social disconnection, which may worsen over time [10][12]. These issues highlight growing concerns about student well-being and the ethical dilemmas linked to continuous data monitoring in AI-based education systems [10][14].
This study therefore examines the potential of AI-powered platforms to monitor learning patterns and their resulting academic and psychological implications for engineering students. The aim is to explore both the opportunities AI brings to education and the challenges it introduces in maintaining ethical, equitable, and mentally supportive digital learning environments [10][14][15].

The structure of this paper is as follows: Section II presents the literature review, highlighting earlier studies on AI-integrated project-based learning and their findings. Section III explains about the methodology. In Section IV, the limitations and

research gaps found in this study and previous studies are discussed. Finally, a summary is provided in section V.[3] -
Classtime.com as an AI-Based Testing Platform: Analysing ESP Students' Performances and Feedback
(Ningsih, 2023)
Mixed-methods approach with 246 students; quantitative assessment of exam results and qualitative thematic analysis of open-ended survey questions.
Focus on a single language subject limits generalizability; students reported technical issues (e.g., lagging signals).

[4] - Artificial
AI model developed using an evolutionary computation technique (Genetic Programming
- GP); trained on data from one online engineering course (35 graduate students) and validated on another.
Existing prediction models lack clear criteria for selecting and transforming learning data; they struggle to obtain precise quantitative relations between inputs and outputs.
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[6] -
Development of an AI predictive model to categorize and predict online learning behaviours of students in Thailand Graduates: A
Thesis	entitled
The	data
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"Learner Profiles on an Open Online Learning Platform in Thailand" - A quantitative study using data from 8,000 learners on the Thai MOOC platform; k- means clustering to classify learners; and decision tree algorithm development    and
assessment  of  the
collected from just one course, thus limiting generalizability; previous applications	of' artificial intelligence'		to
extend	the efficiency of Thai MOOCs had not
been studied.

predictive model.




II. LITERATURE REVIEW

The review of literature investigates the existing methodologies that relate to Project-Based Learning (PBL) and AI-empowered learning in bridging the gap between what the students learn and what the industry needs. This study focuses on developing skills like problem-solving, adaptability, and skill development that are necessary to prepare students for the future of engineering and technology work environments. A summary of methodology and limitations is provided in Table 1, presenting a brief overview of existing research in the area.

TABLE 1. REVIEW OF CONTEMPORARY RESEARCH ON PBL
AND AI IN ENGINEERING EDUCATION

	
Study
	
Methodology
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[1]- The
	Comprehensive retrospective approach; analysis of historical	student performance		data
(quantitative	and
qualitative)		from multiple	academic
years;	rigorous statistical analyses.
	Lack	of
conclusive evidence	on
effectiveness				in diverse		Chinese classrooms; unaddressed issues		of		data privacy, algorithmic	bias, and	impact			on struggling
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 [7]- Learning behaviour analysis and personalized recommendation system of online education platform based on machine learning
Behavioural learning analysis model based on machine learning algorithms (logistic regression,   SVM,
random	forest,
Stacking)	was constructed on an extensive dataset of behavioural learning.
The old type of "one size fits all" online platform failed to cater to the various needs of the learner, thereby resulting in poor motivation and a bad user experience.
[8]- Clustering

The study deployed learning analytics techniques and K- means clustering on activity data obtained from a MOOC over a period of 10 weeks both for the analysis of university students and those from outside.
Clustering results from one MOOC may   not   be
applicable	to
others;		the pedagogical framework	used for comparison is acknowledged as potentially "debatable."
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[9]- Academic
The model of XGB- SHAP was developed where Extreme Gradient Boosting (XGBoost) was used for prediction and Shapley Additive
explanation’s (SHAP) for interpretability, and applied to data from 87 students.
Traditional			ML algorithms		often act	as	"black boxes," failing to clearly explain the relationship between influencing
factors and grades, which limits their practical use by educators.
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[10]- Students'
Qualitative study through semi- structured interviews with 15 university students, analysed thematically as guided by the student advisory group (SAG).
This being the first qualitative	study conducted examining such a subject	 holds substantial importance in the literature.
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[11]- Stress,
The cross-sectional study intended with an anonymous online survey among 947 undergraduate students from five academic fields analysed scores from PSS-10, MBI-SS, and UWES-S 9.
Most	prior
research		on student stress and burnout	has
focused	almost exclusively				on medical or nursing students, neglecting		other disciplines			like engineering.
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[12]- Academic
Longitudinal study using a questionnaire distributed to engineering students at two time points six months apart; analysed correlations between online learning variables and academic/emotional state.
A knowledge gap existed on how online			learning variables relate to engineering students' academic and		emotional state	during	a prolonged lockdown;		most studies were not longitudinal.
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[13]- Student
Applied several ML algorithms (Decision Tree, J48, JRIP, GBT,
CART, Naïve Bayes) to a dataset from the Open University, using VLE clickstream data to predict student engagement levels.
The		examples from the literature often	turned		 to statistical			or qualitative methods;		this study, on the other hand,			 has
implemented ML techniques		on VLE log data to construct predictive models for	early
intervention.
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[14]- Integrating
A complete literature review based on PRISMA guidelines for the purpose of analysing the prior work on online student engagement models for engineering students.
Present		 research tends			 to		 treat student engagement			and AI	as			clearly defined, independent domains, without adequately examining		their intersection			 and the				potential synergies between them,			especially for		engineering students.
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III. METHODOLOGY

A. Research Design

In this study, a quantitative research methodology was adopted employing a structured survey instrument. The systematic collection of data will be performed with respect to participants' perceptions, experiences, and expectations from AI-assisted learning platforms in terms of their impact on academic performance and psychological well-being. The structured survey instrument containing 15 questions targeted the engineering students in the collection of quantitative as well as qualitative performances. The questions were developed in direct alignment with the research objectives, toward clarifying participants' experiences, perceptions, and expectations with respect to AI-based learning systems.
The target population for the research comprises engineering students from diverse faculties. A convenience sampling approach was adopted, and the survey link was distributed among engineering students in groups and classes. A sample of 125 responses was collected using Google Forms and analysed in this study.



B. Research Gap

While AI and collaborative learning have been studied quite independently, decent research to know specific gaps exists in understanding how AI-powered collaborative platforms exist for interdisciplinary engineering education. Much of the research has worked on either technical capability of AI tools or on the teamwork benefits, but how AI will facilitate communication and task management, and glue various engineering disciplines into a single course is hardly mentioned in the literature. Moreover, most of the previous research has shown little focus on academic environments, placing professional or industrial domains into research scope. Hence, there are no empirical studies that expose how students interact

with AI in contexts of education across disciplines. Further, the number of studies linking students' perceptions of trust, transparency, and ethics in AI systems-which are strong precursors to adoption and engagement are minuscule. Finally, another major gap is when it comes to how AI can be applied in practice in project-based learning. Steadily growing awareness of and interest in AI tools has not resulted in much guidance on how to best incorporate them into the curriculum to foster academic and psychological well-being.

C. Survey Instrument[15]- Integrating an AI performance prediction model with learning analytics to improve student learning in a collaborative learning context.
This proposed mixed- methods investigation could collate an AI- generated performance prediction model with feedback from analytics around student learning in a collaborative context.
A majority of existing	AI prediction models focus  on  the
accuracy		of algorithms rather than applying the models to provide students with in- time	and
continuous feedback	to improve learning quality.



The survey instrument is a Google form made accessible to sample a larger population of engineering students. The questions include closed-ended and ranking-type questions that cover the following major sections
· Demographics: department, year of study, and residence.
· Awareness and Usage of AI Tools: awareness of learning platforms and their current usage for academic work.
· Feature and Support Evaluation: rating the significance and effectiveness of the various AI-assisted features, including personalized learning paths, step-by-step problem-solving progress tracking.
· Psychological Impact Assessment: assessing the impact of AI platforms on students' academic stress, confidence, and motivation.
· Overall Perceptions: questions to understand students' overarching views on the role of AI in education and their satisfaction with current tools.


D. Population and Sampling

Engineering students from multiple disciplines were targeted. Convenience sampling was applied; the survey link was shared across engineering student groups and classes. A total of 125 responses were obtained through Google Forms and used for analysis in this study.

E. Data Analysis

Descriptive statistics were employed to analyse collected data in trends between students. Using ranks, the researchers examined which features students deemed valuable, and open- ended responses were thematically coded for qualitative insights.

IV RESULT

From a demographic perspective, the 56 good responses collected from students of all branches and levels in engineering were 57.1 percent female and 42.9 percent male. Most respondents were males. From the educational point of view, PG - 1st year students were the highest respondents in

percentage (46.4%), followed by UG - 1st year students (16.1%), while others were spread under other years. The sample was heavily skewed towards technology-centric domains, with AIML/DS and CSE making up 37.5 and 33.9 percent, respectively. The majority of respondents were Day Scholars (62.5 percent).

Regarding their familiarity with AI-based learning platforms, 30.4% of them reported very familiar-under an aggregate of 67.9% to characterize either "Very familiar" (30.4%) or "Moderately familiar" (37.5%) regarding these platforms. This indicates strong general awareness according to student records. This also implies that overwhelming students have used an AI-powered system tracking and personalizing recommendations.

For a very significant majority of students, acceptance towards the increased use of these tools was considerable. Up to 66.1% reported their willingness for AI platform use integrated into their study regimen. An additional 30.4% chose the inclination "Maybe." Clearly, students see the academic benefits: a joint summary to which 83.9% of responses indicated usefulness or high usefulness (grade 4 or 5) in linking different concepts in engineering. Moreover, very generally, 82.1% approved or strongly agreed that these platforms save time studying by simplifying materials for learning. Notably, students specified preference regarding the features provided, so "Instant doubt- solving" (64.3%) and "Personalized learning paths" (62.5%) ranked above as most valued.

High in evidence for academic importance, the survey also revealed deep psychological concerns. The most often cited reasons were that there is "Lack of human interaction" (60.7 per cent), "Data privacy and security" (58.9 per cent) and "Over-reliance on AI" (51.8 per cent). In a strange contradiction, most students - 64.3 per cent - were neutral in response to the fact that this over-reliance reduces their confidence in independent problem-solving, implying that such concerns lie more in the future than in reality now.

It has a telling effect in the matter of student stress: while a total of 48.2 percent of respondents agreed or strongly agreed that AI platforms reduce their stress, the largest single group of respondents-in this case 44.6 percent-remained neutral. Hence, it can be concluded from this that time-saving advantages from AI do not necessarily imply lesser psychological burden. Specific sources of pressure were identified for peer comparison features, where a total of 78.5 percent of students mentioned that leader boards either create "Mostly pressure" (32.1 percent) or a mixture of motivation and pressure (46.4 percent). This certainly gives the impression that competitive features are psychologically detrimental for the majority of this student cohort.

As for students receptive to AI, it is clear that the vision would be for AI to be more as an enhancement to traditional learning as opposed to complete replacement. In fact, on the average,
57.2 percent agreed or strongly agreed that AI should serve as a supplementary learning tool, not a complete substitute. Reflection of overall satisfaction also mirrors this dualistic perspective, for the combined 55.4 percent were satisfied ("Agree" or "Strongly Agree") with such platforms as their academic growth and psychological support. Still, a huge chunk (39.3 percent) remained neutral, indicating that psychological drawbacks are significant enough to temper overall enthusiasm.



V. DISCUSSION

From a demographic perspective, the 56 good responses collected from students of all branches and levels in engineering were 57.1 percent female and 42.9 percent male. Most respondents were males. From the educational point of view, PG - 1st year students were the highest respondents in percentage (46.4%), followed by UG - 1st year students (16.1%), while others were spread under other years. The sample was heavily skewed towards technology-centric domains, with AIML/DS and CSE making up 37.5 and 33.9 percent, respectively. The majority of respondents were Day Scholars (62.5 percent).

Regarding their familiarity with AI-based learning platforms, 30.4% of them reported very familiar-under an aggregate of 67.9% to characterize either "Very familiar" (30.4%) or "Moderately familiar" (37.5%) regarding these platforms. This indicates strong general awareness according to student records. This also implies that overwhelming students have used an AI-powered system tracking and personalizing recommendations.

For a very significant majority of students, acceptance towards the increased use of these tools was considerable. Up to 66.1% reported their willingness for AI platform use integrated into their study regimen. An additional 30.4% chose the inclination "Maybe." Clearly, students see the academic benefits: a joint summary to which 83.9% of responses indicated usefulness or high usefulness (grade 4 or 5) in linking different concepts in engineering. Moreover, very generally, 82.1% approved or strongly agreed that these platforms save time studying by simplifying materials for learning. Notably, students specified preference regarding the features provided, so "Instant doubt- solving" (64.3%) and "Personalized learning paths" (62.5%) ranked above as most valued.

High in evidence for academic importance, the survey also revealed deep psychological concerns. The most often cited reasons were that there is "Lack of human interaction" (60.7

per cent), "Data privacy and security" (58.9 per cent) and "Over-reliance on AI" (51.8 per cent). In a strange contradiction, most students - 64.3 per cent - were neutral in response to the fact that this over-reliance reduces their confidence in independent problem-solving, implying that such concerns lie more in the future than in reality now.

It has a telling effect in the matter of student stress: while a total of 48.2 percent of respondents agreed or strongly agreed that AI platforms reduce their stress, the largest single group of respondents-in this case 44.6 percent-remained neutral. Hence, it can be concluded from this that time-saving advantages from AI do not necessarily imply lesser psychological burden. Specific sources of pressure were identified for peer comparison features, where a total of 78.5 percent of students mentioned that leader boards either create "Mostly pressure" (32.1 percent) or a mixture of motivation and pressure (46.4 percent). This certainly gives the impression that competitive features are psychologically detrimental for the majority of this student cohort.

As for students receptive to AI, it is clear that the vision would be for AI to be more as an enhancement to traditional learning as opposed to complete replacement. In fact, on the average,
57.2 percent agreed or strongly agreed that AI should serve as a supplementary learning tool, not a complete substitute. Reflection of overall satisfaction also mirrors this dualistic perspective, for the combined 55.4 percent were satisfied ("Agree" or "Strongly Agree") with such platforms as their academic growth and psychological support. Still, a huge chunk (39.3 percent) remained neutral, indicating that psychological drawbacks are significant enough to temper overall enthusiasm.
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VI. KEY FINDINGS

· High AI Awareness and Adoption: 67.9% of students were familiar with AI’s impact in the educational

sector, and 75% have used AI-powered systems, providing strong justification for the integration of AI.

· Significant Psychological Concerns: The top concerns were Lack of Human Interaction (60.7%), Data Privacy (58.9%), and Over-reliance on AI (51.8%), highlighting the non-academic impact of these tools.
· A Positive Outlook Regarding Academic Support: Students highly value AI for academic tasks, ranking "Instant doubt-solving" (64.3%) and "Personalized learning paths" (62.5%) as the most important features.
· Efficiency Gains Do Not Equal Stress Reduction: While 82.1% agree that AI saves study time, a plurality of students (44.6%) were neutral on whether this reduced their academic stress, indicating a disconnect between efficiency and well-being.


· Negative Impact of Competitive Features: A combined 78.5% of students reported that peer comparison features create pressure, indicating a negative psychological effect.

· Clear Vision for AI's Role: A majority (57.2%) believe AI should be a supportive tool, not a replacement for traditional learning, emphasizing the value of human interaction.


· Tempered Overall Satisfaction: Overall satisfaction was moderate (55.4% satisfied), with a large neutral block (39.3%), suggesting that psychological concerns are significant enough to temper enthusiasm for the academic benefits.

VII. CONCLUSION

This research has clearly demonstrated the fact that integration of Artificial Intelligence into online learning platforms has dualistic and profound impact upon academic and psychological well-being of engineering students. Literature review and primary survey data findings have converged to picture a student body technology savvy and appreciative of academic efficiencies that AI affords them. Students take advantage of personalized learning paths and getting personalized instant support which in turn saves valuable study time; to them, AI is a strong assistant in their rigorous academic journey. All this gives further credence to the huge way in which AI can impact learning outcomes and provide tailored educational experiences at scales previously unimaginable.

However, this academic utility is marred with quite a number of valid psychological concerns. There are fears for critical thinking erosion through over-dependence; anxiety is generated through performance monitoring with comparisons to peers, as well as the deep feeling of losing human contact. Such issues are not peripheral, but core issues affecting the experience of students. This is really very critical for engineering students whose descriptions have already put them in the high-risk categories for stress and even burnout. Current data in this study may also thus indicate that AI has really helped in optimizing learning tasks, but on the contrary, is not supportive or may negatively affect students' psychological well-being. Efficiency gains failing to lower stress is thus a revealing indictment on platform designs.

The findings of this study are in line with the novel notion of a "psycho-technical feedback loop", where the very systems made to support students become stressors. The AI model tracks disengagement merely as a measure for academic success but does not delve into the possible psychological origins of that behaviour, which may lead to applying the wrong intervention. Clear and overwhelming from students is the view that AI should serve as a supportive tool rather than one that replaces traditional, human-focused approaches to learning. They seek a balance where technology can support them powerfully without stripping them of the development of their own intellectual independence or healthy social relationships toward a decent learning environment. Ultimately, this study goes to show that AI-powered platforms will have to evolve beyond academic optimization to a human centered design that prioritizes both the intellectual and psychological health of the learner to be successful. Future development must focus on creating systems that are transparent, ethical and psychologically-aware, thus prompting rather than merely monitoring the students they are to serve.
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