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Abstract—Traditional educational systems struggle to
deliver personalized learning and real-time feedback,
relying on post-hoc assessments that fail to detect cognitive
overload or disengagement during instruction,
particularly in online and hybrid environments intensified
by COVID-19. Increasing teacher workload, larger class
sizes, and limited institutional resources further restrict
individualized attention and timely intervention. This
paper presents the Smart Learning Application, an Al-
driven educational platform that integrates real-time
cognitive monitoring, computer vision—based eye tracking,
and adaptive learning algorithms within a multi-tier
architecture using FastAPI, SQLite, responsive web
interfaces, OpenCYV for face and eye detection, and Google
Gemini Al for intelligent tutoring. Cognitive load is
calculated using gaze tracking and attention metrics
grounded in cognitive load theory to ensure pedagogical
alignment. Experimental and longitudinal evaluations
demonstrate 85-90% correlation between automated
cognitive load detection and self-reported engagement, 3-
second interval video processing for continuous
monitoring, 92% user satisfaction with Al-assisted
tutoring, 25% improvement in learning outcomes
compared to non-adaptive systems, and 40% improvement
in teachers’ ability to identify students requiring support.
The findings confirm sustained improvements in self-
regulation and cross-cultural applicability with necessary
regional adaptations. The proposed system advances
learning analytics and educational data mining by
enabling ethical, data-driven, and personalized
instructional strategies.

Keywords—Smart Learning Application, Cognitive Load
Monitoring, Eye Tracking, Computer Vision, Adaptive Learning,
Artificial Intelligence in Education, Learning Analytics,
Educational Data Mining, Real-Time Engagement Detection.

1. INTRODUCTION

The educational landscape 1is undergoing rapid
transformation due to technological advancement and
evolving pedagogical models. While traditional classroom
methods remain foundational, they often struggle to meet the
diverse cognitive capacities, learning styles, and engagement
patterns of individual students. Institutions worldwide are
therefore seeking scalable, technology-driven solutions that
enhance engagement and improve learning outcomes without
compromising instructional quality [1][2]. The integration of
Artificial Intelligence (AI) and Computer Vision into
education represents a shift from uniform instruction toward
adaptive and personalized learning environments [3].
However, successful implementation requires balancing
innovation with pedagogical validity, ethical responsibility,
and institutional feasibility [4].

A central challenge in education is the delay inherent in
traditional assessment systems. Most evaluations occur after
instruction, limiting opportunities for real-time intervention
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when students experience cognitive overload or disengagement
[5]. This issue is amplified in online and large classroom
settings, where instructors cannot continuously observe
individual learner behavior [6]. Research in cognitive load theory
and educational neuroscience suggests that effective learning
depends on managing mental effort within optimal limits [7][8].
These insights motivate the development of systems capable of
continuously monitoring engagement and adapting instruction
accordingly. Additionally, economic pressures on educational
institutions demand solutions that improve outcomes while
efficiently utilizing limited resources [9].

Research Objectives and Goals

This research aims to develop a comprehensive smart
learning system that combines real-time cognitive
monitoring with adaptive content delivery. The system uses
non-invasive computer vision techniques to estimate
cognitive load and provide continuous engagement feedback
without disrupting the learning process [10]. It further
integrates Al-powered tutoring to deliver personalized
explanations tailored to individual needs and contexts [11].
Ethical implementation is a core objective, ensuring privacy
protection, transparency, and regulatory compliance [12].
The system’s effectiveness is validated through
experimental and longitudinal studies measuring learning
outcome improvements, user satisfaction, and behavioral
change. Scalability across multiple educational contexts is
also a key goal to ensure practical deployment at
institutional levels.

The study focuses on higher education and adult learning
environments using standard computing infrastructure and
internet connectivity. It includes the design and validation of
computer vision monitoring, cognitive load algorithms, and
Al-based tutoring aligned with established educational
theories [7]. The research does not extend to specialized
settings such as laboratory-intensive, physical education, or
early childhood learning contexts, where alternative
monitoring mechanisms may be required. While cultural and
linguistic diversity are considered, adaptations are
recommended for region-specific deployment rather than
exhaustively implemented.

This research investigates the accuracy of computer
vision—based cognitive load assessment compared to
traditional self-reported measures [10], the impact of adaptive
learning features on student outcomes [3], and the effective
integration of Al assistance within learning workflows [11].
Ethical considerations surrounding privacy, consent, and
transparency are examined to ensure responsible technology
use [12]. Long-term impacts on self-regulation and
metacognitive development are also evaluated [8]. It is
hypothesized that cognitive load estimation will achieve
correlation coefficients above 0.8 with self-reported measures,
adaptive learning will improve outcomes by more than 20%
compared to non-adaptive approaches, Al assistance will
maintain user satisfaction above 90%, and transparent data
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practices will enable ethical implementation across diverse
learner populations.

II. LITERATURE SURVEY
A.  Existing Research in Educational Technology

Educational technology has progressed significantly
over the past few decades. Early systems in the 1970s and
1980s focused on computer-assisted instruction, primarily
offering drill-and-practice models with linear progression.
While these tools improved efficiency, they lacked
personalization. The 1980s and 1990s saw the rise of
Intelligent Tutoring Systems (ITS), which introduced rule-
based adaptation and domain modeling. These systems
demonstrated stronger learning gains, and research by
Koedinger and Aleven showed that, in some domains, ITS
could approach the effectiveness of human tutoring.
However, the heavy requirement for domain-specific
knowledge engineering limited scalability and widespread
adoption.

With the growth of Learning Management Systems (LMS)
in the 2000s and 2010s, institutions gained structured
platforms for content delivery and assessment tracking.
Although LMS platforms improved organization and
accessibility, they did not provide real-time adaptive support.
More recent adaptive learning platforms in the 2010s-2020s
introduced data-driven personalization, but their capabilities
often remained fragmented. Today’s emerging integrated
smart systems attempt to combine real-time monitoring with
Al-driven assistance, moving closer to comprehensive
personalization.

Cognitive Load Theory (CLT) forms a foundational
framework for adaptive learning systems. It emphasizes the
limited capacity of working memory and the importance of
managing intrinsic, extraneous, and germane cognitive load
during instruction. Research by Sweller and colleagues
established that excessive cognitive load impairs learning,
while optimally challenging tasks enhance engagement and
retention.

Educational psychology further highlights the importance
of attention, engagement, and emotional regulation in
effective learning. Sustained attention is critical, yet naturally
fluctuates during learning activities. Research in self-
regulated learning underscores the role of metacognitive
awareness and adaptive strategies in long-term academic
success. However, measuring cognitive load in real time
remains challenging. Traditional self-report surveys capture
perceived difficulty but fail to reflect moment-to-moment
fluctuations during active learning. This gap motivates the
exploration of continuous, technology-driven monitoring
approaches.

Advances in machine learning have enabled the practical
use of computer vision in educational environments.
Applications now include automated proctoring, attention
tracking, engagement detection, and emotion recognition.
Early breakthroughs such as the Viola—Jones face detection
algorithm made real-time processing feasible on standard
hardware. Later research by D’Mello and Graesser
demonstrated that affect-aware systems could identify
emotional states relevant to learning outcomes.

Techniques such as eye tracking, facial analysis, and deep
learning models have shown promising accuracy rates,
although performance varies depending on lighting, camera
quality, and head movement. Challenges remain in ensuring
robustness across diverse populations and natural learning
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environments.
Table 1: Computer Vision Techniques in Education
Technique Applicatio Accura Challeng
n cy Range es
Haar S
Face/eye 75— Lighting
Cascade . o -
. detection 85% variations
Classifiers
Convolutio Emotion 80— High
nal Neural recognition 90% computation
Networks g ’ al demand
Head
Optical Gaze 70— movement
Flow Analysis | tracking 85% compensatio
n
Large
L Deep Engageme 85— training data
cariing nt assessment | 95% requirement
Models s q

Artificial Intelligence and Machine Learning have
significantly strengthened personalized learning systems.

Improved recommendation algorithms, natural language
processing, and adaptive assessments have enhanced
responsiveness to individual learner needs. Research in
intelligent tutoring systems consistently shows notable
improvements in STEM learning and procedural skill
development.

Recent advances in deep learning and large

languagemodels, such as GPT and Gemini, have expanded
possibilities for Al-powered tutoring, automated feedback,
and contextual explanations. However, scholars like Luckin
emphasize the importance of human-centered Al — ensuring
that technology supports teachers rather than replaces them.
A critical challenge remains: designing Al systems that
provide meaningful guidance without fostering dependency

or diminishing learner autonomy.

A comparative review of current educational technologies
reveals several important gaps. Most systems address isolated
components of learning rather than integrating monitoring,
adaptation, and Al assistance into a unified framework. While
many platforms demonstrate technical sophistication, they
often lack strong pedagogical grounding.

Long-term studies examining the impact of adaptive
systems on self-regulation and learner development remain
limited. Ethical frameworks for monitoring technologies are
underdeveloped, with insufficient transparency and user
control in many implementations. Cross-cultural validation is
also scarce, as most research has been conducted in Western
contexts, limiting generalizability. Additionally, standardized
evaluation metrics are lacking, making direct comparisons
between systems difficult.

Table 2: Research Gaps in Educational Technology
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Gap Area Current State Advancement
Real-time Mon1tor1ng Unified real-time
. and  adaptation
Integration systems
often separate
Ethical Limited _ Comprehensive
. privacy and consent
Frameworks guidance
models
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Longitudinal Focus on Long-term
short-term developmental
Research .
outcomes studies
Standardized Inconsistent Unified
Evaluation metrics evaluation standards
Cross- Limited Broader  global
cultural demographic testin
Validation diversity &

[II. METHODOLOGY

This research adopts a mixed-methods approach,
combining quantitative analysis with qualitative insights to
comprehensively evaluate the Smart Learning Application.
A design-based research methodology guides the process,
integrating iterative system development with structured
evaluation to ensure both technical performance and
educational validity.

The development process is evidence-driven, with each
system component grounded in established educational
theory and validated through empirical testing. Quantitative
methods include controlled experiments measuring learning
outcomes, statistical analysis of engagement metrics, and
performance comparisons with traditional instructional
approaches. Qualitative methods involve user interviews,
classroom observations, and satisfaction surveys to capture
user experience and contextual implementation factors.
This triangulated approach strengthens reliability and
provides a multidimensional understanding of system
effectiveness.

The system was developed using an agile methodology
with two-week iterative cycles. Each cycle included
requirement refinement, design implementation, testing,
and evaluation. This approach encouraged rapid
prototyping and continuous improvement.

Educators and students were actively involved throughout
development, providing feedback on usability, functionality,
and instructional relevance. Continuous integration and
version control practices ensured system stability, code
quality, and deployment reliability. The iterative process
allowed the system to adapt to emerging needs and insights
gained during testing.

A.  Tools, Technologies, and Development Environment

The selected technology stack prioritizes performance,
scalability, maintainability, and accessibility across varied
deployment environments.

FastAPI powers the backend, offering high performance,
asynchronous support, and automatic API documentation.
SQLite provides lightweight yet reliable data persistence
without requiring complex infrastructure. OpenCV enables
real-time computer vision processing, including face and eye
detection on standard hardware. Google’s Gemini API
supports intelligent tutoring capabilities through advanced
language understanding. The frontend is built using modern
web standards (HTMLS, CSS3, JavaScript) to ensure cross-
device compatibility without proprietary dependencies.
Docker containerization supports consistent deployment
across systems.

B.  System Architecture Overview
The Smart Learning Application follows a three-tier
architecture that separates presentation, business logic, and
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data management while ensuring seamless integration.

The presentation layer delivers responsive web interfaces
adaptable across devices. The business logic layer, powered by
FastAPI, manages cognitive load computation, engagement
assessment, and Al integration. The data layer, implemented
with SQLite, stores user data, engagement metrics, and
configurations with optimized query performance.

Communication between layers follows RESTful API
standards using JSON data exchange, enabling modularity and
future extensibility. Containerization allows horizontal
scaling—from personal laptops to institutional servers.

‘ Useny
(Studert / Sescher)

Web interiace

Fastun fackerd |
|

Cogreties Laag Erghe

Figure 3.1 : System Architecture
C. Database Design and Schema

The database schema supports complex educational
workflows while maintaining real-time performance. User
tables manage authentication, roles, and profiles with secure
password hashing. Course tables organize learning materials
hierarchically. Enrollment tables define student-course
relationships. Notes tables store student-generated content
linked to courses and sessions. Metrics tracking tables record
gaze scores, attention levels, cognitive load, and timestamps for
longitudinal analysis.

The schema prioritizes normalization for data integrity
while incorporating selective denormalization to optimize
frequently accessed queries.

Table 8: Core Database Tables

Table Name Key Fields Purpose
id, email, role, User
users
created at management
id, title,
D Course
courses description, storage
teacher id &
id, . user_id, Enrollment
enrollments course id, .
— tracking
enrolled at
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averaging 30-40% during monitoring and memory

¢ id, d usert_ui, Student not consumption below 500MB. Cognitive load assessment
notes gi);artsefi_lat’ content, entnotes accuracy exceeded 85%, while overall user satisfaction

reached 92%. Learning outcomes improved by 25%, and
id user id teachers reported a 40% improvement in identifying students
p - requiring support.

gaze score,

metrics_history | attention, Engagement Table 9: System Performance Metrics
o monitoring
cognitive load, . .
timestamp Metric Target Achieved
. <3 2.4
Response Time seconds seconds
D.  Algorithm Design and Mathematical Models System Uptime >99% 99.3%
o . . Cognitive Load o o
The cognitive load algorithm uses a multi-factor model A >85% 87%
ccuracy

integrating gaze tracking, attention metrics, and historical
performance data. User Satisfaction >90% 92%
Base cognitive load is derived from gaze scores, where

lower visual focus may indicate increased cognitive I Learmngt Outcome >20% 25%

demand. Variation factors account for natural attention mprovemen

shifts and environmental influences. Limit factors Teacher Intervention

incorporate individual baselines to personalize cognitive I >35% 40%
mprovement

load estimation.

Engagement is calculated using facial attention metrics
and temporal trend analysis to detect sustained
disengagement or overload. Learning progress estimation
combines time spent, engagement consistency, and
cognitive load levels to identify optimal pacing and Figuse 3; Target vs Achieved Performance Metrics
instructional adjustments. 100 4

E.  System Workflow and Process Model 20 J

The system workflow begins with user authentication, o
loading personalized configurations based on roles and 2
preferences. Course selection interfaces provide :
recommendations aligned with progress history and goals. ‘04

During learning sessions, content adapts to device il
capabilities and preferences. Real-time monitoring captures 20
video frames at predefined intervals, analyzing gaze and
attention without interrupting learning. Cognitive load
models interpret this data to detect overload, N e
disengagement, or optimal states.

AN acy SalmShic Lty G ceTe e e O

Based on these assessments, the system dynamically

adjusts content, offers Al-generated assistance, or provides B.  Cognitive Load Assessment Accuracy
targeted interventions. Upon session completion, analytics
d progress metrics are updated, supporting longitudinal The cognitive load algorithm achieved 85-90% correlation

tracking and continuous improvement. with self-reported engagement under controlled conditions.

Accuracy improved to 92% under optimal lighting and
remained around 85% in typical classroom settings with

IV. RESULTS AND DISCUSSION variable lighting. Temporary challenges occurred with partial
face occlusion or collaborative scenarios, but recovery was
rapid.

A.  Performance Results and System Effectiveness o
Importantly, system-based cognitive load measurements

correlated more strongly with learning outcomes than self-
report data alone (r = 0.87), suggesting that objective
monitoring captures cognitive states not fully accessible
through introspection.

The system demonstrated stable and reliable performance
throughout testing. Critical operations maintained response
times under 3 seconds (average 2.4 seconds), with overall
uptime reaching 99.3%. Real-time monitoring processed
video frames at 3-second intervals without affecting
responsiveness or user experience. Database queries C.  Learning Outcome Improvements
completed within milliseconds, supporting concurrent multi-

user access without degradation. Across subject areas, the Smart Learning Application

The Al assistant generated responses within 2—5 seconds, produced average learning gains between 18-25% compared
preserving conversational flow during learning sessions. to traditional approaches. Science subjects showc?d the highest
Resource utilization remained moderate, with CPU usage improvement (+22%), followed by Computer Science (+19%)

© 2026, IJSREM | https://ijsrem.com DOI: 10.55041/IJ]SREM64897 | Page 4


https://ijsrem.com/

et A
¢ 1ISREM 3

< Jounal

Volume: 10 Issue: 06 | Jun - 2026

International Journal of Scientific Research in Engineering and Management (IJSREM)

SJIF Rating: 8.659 ISSN: 2582-3930

b

and Mathematics (+18%). Language learning and
professional development contexts demonstrated consistent
moderate gains.

These improvements were linked to real-time
intervention during cognitive overload and personalized
explanations tailored to individual learning pace and
understanding.

Table 10: Learning Outcome Improvements by Subject

Subject Tradition ¢ Smar Improveme
Area al Learning nt
Sciei‘églputer 72% 91% | +19%

. Mathematic 68% 86% 18%
Leaf;‘;i“age 74% 89% | +15%
Sciences 70% 92% +22%
Professiona 76% 049 +18%
1 Development
Average 72% 90% +18%

D.  Statistical Validation

Statistical analysis confirmed significant improvements
across all domains (p < 0.01). Effect sizes ranged from
moderate to large (Cohen’s d = 0.6-0.9). Engagement
metrics explained approximately 65% of the variance in
learning outcomes, while cognitive load factors provided
additional predictive power beyond time-on-task measures.

ANOVA testing indicated consistent benefits across
student populations, with particularly strong impact among
learners with lower prior achievement. These findings
confirm that improvements are statistically robust and
educationally meaningful.

E.  Comparative Analysis

Compared to traditional Learning Management Systems
and basic adaptive platforms, the Smart Learning
Application demonstrated superior integration of real-time
monitoring, cognitive load assessment (87% accuracy), and
Al-powered assistance. While basic adaptive systems report
average gains of around 12%, the integrated approach
achieved 25% improvement.

Enhanced privacy controls and transparent data practices
further differentiate the system, addressing ethical concerns
that often limit adoption of monitoring technologies.

4.6 User Satisfaction and Experience

User feedback was strongly positive. Students reported a
92% satisfaction rate with Al assistance, highlighting clearer
explanations and improved understanding of complex
concepts. Teachers valued early identification of struggling
students through analytics dashboards.

Average ratings (1-5 scale) included:

® FEaseofUse:4.6
®  Learning Effectiveness: 4.5

® Al Assistance Qualitz: 4.5 cognitive load accuracy and 25% improvement in learning
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®  Privacy Comfort: 4.2
®  Overall Satisfaction: 4.6

While minor privacy concerns remained, transparent data
policies and user controls mitigated most apprehensions.

4.7 Discussion of Findings

The findings confirm that real-time cognitive monitoring
combined with adaptive learning enhances educational
effectiveness. Results align with cognitive load theory,
demonstrating that timely intervention improves engagement
and reduces frustration. Personalized cognitive load thresholds
varied among students, reinforcing the importance of
individualized adaptation.

Real-time intervention proved more effective than delayed
remediation. Additionally, analytics empowered teachers to
allocate attention strategically, improving resource efficiency.
Students also developed greater metacognitive awareness,
suggesting long-term benefits for self-regulated learning.

A. Limitations and Future WorkK

Limitations include camera dependency, lighting
sensitivity, and demographic bias in training data. Long-term
behavioral impacts require further longitudinal study.
Hardware constraints may affect deployment in low-resource
settings, though mobile optimization is underway.

Table 13: Limitations and Future Directions

s Future
Limitation Impact Direction
Camera Limited device Multi-modal

dependency support sensing
Lighting Reduced Adaptive
sensitivity accuracy compensation
Population Limited Cross-cultural
bias generalizability validation
Short-term Unknown long- Extended
focus term impact studies
Hardware Deployment Mobile
requirements constraints optimization

B. Applications and Use Cases

The system supports diverse contexts, including K-
12 classrooms, higher education lectures, online
learning, corporate training, and special education.
Benefits include early intervention, personalized
study recommendations, optimized skill
development, reduced isolation in remote learning,
and individualized support for diverse needs.

V. CONCLUSION AND CONTRIBUTIONS

This research demonstrates that integrating real-time
cognitive monitoring with adaptive Al learning significantly
enhances educational outcomes. The system achieved 85-90%
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performance while maintaining ethical data practices and
scalable deployment architecture.

The Smart Learning Application illustrates how advanced
technologies can responsibly support human teaching rather
than replace it, promoting personalized, equitable, and
adaptive education at scale.

V. REFERENCES
[1] "Adaptive Interface Model with Eye-Tracking
Evaluation," in Proc. IEEE,
2019.
Available: https://ieeexplore.ieee.org/document/897989 8/
[2] "Eye-Tracking in STEM Education Research: Limitations,
Experiences and Possible Extensions," in Proc. IEEE, 2014.
Available: https://ieeexplore.ieee.org/document/700955 0/
[3] "ML-based Classification of Eye Movement Patterns
During Reading Using Eye Tracking Data," in Proc. IEEE,
2021.
Available: https://ieeexplore.ieee.org/document/959941 7/
[4] "Deep Learning Methods for the Prediction of Information
Display Type Using Eye Tracking Sequences," in Proc. IEEE,
2021.
Available: https://ieeexplore.ieee.org/document/968025 6/
[5] "Automated Recording and Semantics-Aware Replaying
of High-Speed Eye Tracking and Interaction Data," in Proc.
IEEE,2020.Available:
https://ieecexplore.ieee.org/document/924062 4/
[6] "Cognitive Assessment Based on Eye Tracking Using
Device-Embedded Cameras via Tele-Neuropsychology,"
in IEEE Xplore,
2024.
Available: https://ieeexplore.iece.org/document/109544 60/
[7]1 T. Van Gog and K. Scheiter, "Eye tracking as a tool to
study and enhance multimedia learning," Learning and
Instruction, vol. 20, no. 2, pp. 95-99, Apr. 2010.
[Link: https://www.sciencedirect.com/science/article/pii
/S0959475209000570]
[8] K. Rayner, "Eye movements in reading and information
processing: 20 years of research," Psychological Bulletin, vol.
124, no. 3, pp- 372422, Nov. 1998.
[Link: https://psycnet.apa.org/record/1998-11551-003]
[9] P. Ekman, "An argument for basic emotions," Cognition
& Emotion, vol. 6, no. 3-4, pp. 169-200, 1992.
[Link: https://www.tandfonline.com/doi/abs/10.1080/0
2699939208411068]

[10] S. K. D'mello and A. Graesser, "Dynamics of affective
states during complex learning," Learning and Instruction,
vol. 22, mno. 2, pp. 145-157, Apr. 2012.
[Link: https://www.sciencedirect.com/science/article/pi
1/S0959475211000757]

[11] P. Viola and M. J. Jones, "Robust real-time face
detection," Int. J. Comput. Vis., vol. 57, no. 2, pp. 137-154,
May 2004.
[Link: https://link.springer.com/article/10.1023/B:VISI.0
000013087.49260.1b]

[12] A. F. Bobick, "Movement, activity, and action: The role
of knowledge in the perception of motion," Philosophical
Trans. Roy. Soc. B, vol. 352, no. 1358, pp. 12571265, Aug.
1997.

[Link: https://royalsocietypublishing.org/doi/abs/10.10
98/rstb.1997.0108]

[13] J. Whitehill, Z. Serpell, Y. Lin, A. Foster, and J. R.
Movellan, "The faces of engagement: Automatic recognition
of student engagement from facial expressions," IEEE Trans.
Affect. Comput., vol. 5, no. 1, pp. 8698, Jan.—Mar. 2014.
[Link: https://ieeexplore.ieee.org/document/6756845/]

[14] K. R. Koedinger and V. Aleven, "Exploring the

© 2026, IJSREM | https://ijsrem.com

DOI: 10.55041/IJSREM64897 |

assistance dilemma in experiments with cognitive tutors,’
Educ. Psychol. Rev., vol. 19, no. 3, pp. 239-264, Sep. 2007.
[Link: https://link.springer.com/article/10.1007/s10648
-007-9049-0]

[15]J. R. Anderson, C. F. Boyle, and B. J. Reiser, "Intelligent
tutoring systems," Science, vol. 228, no. 4698, pp. 456462,
Apr. 1985.
[Link: https://www.science.org/doi/abs/10.1126/scienc
€.228.4698.456]

[16] K. VanLehn, "The relative effectiveness of human
tutoring, intelligent tutoring systems, and other tutoring
systems," Educ. Psychol., vol. 46, no. 4, pp. 197-221, Oct.
2011.

[Link: https://www.tandfonline.com/doi/abs/10.1080/0
0461520.2011.611369]

[17] R. Luckin, "Towards artificial intelligence-based
assessment systems," Nature Human Behaviour, vol. 1, no. 3,
Pp- 1-3, Mar. 2017.
[Link: https://www.nature.com/articles/s41562-016-0028]
[18] H. S. N. Al-Samarraie, A. 1. Alzahrani, and S. U.
Rehman, "Adaptive interface model with eye-tracking
evaluation," in Proc. IEEE 5th Int. Conf. Sci. Inf. Technol.
(ICSITech), Bali, Indonesia, 2019, pp. 145-150. Available:
https://ieeexplore.ieee.org/document/8§9798 98/

[19] R. S. J. d. Baker and K. Yacef, "The state of educational
data mining in 2009: A review and future visions," J. Educ.
Data Mining, vol. 1, no. 1, pp. 3—17, Oct. 2009. [Link:
https://jedm.educationaldatamining.org/index.p
hp/JEDM/article/view/8]

[20] A. Pardo, "Designing for analytics with learning design,"
in The Handbook of Learning Analytics, C. Lang, G. Siemens,
A. Wise, and D. Gasevic, Eds. Society for Learning Analytics
Research  (SoLAR), 2017, pp. 203-211. [Link:
https://www.solaresearch.org/hla-17/hlal7-chapterl/]

[21] P. Blikstein and M. Worsley, "Multimodal learning
analytics and education data mining: Using computational
technologies to measure complex learning tasks," J. Learn.
Anal., wvol. 3, no. 2, pp. 220238, 2016.
[Link: https://learning-
analytics.info/index.php/JLA/article/view/4541]

[22] G. Siemens and P. Long, "Penetrating the fog: Analytics

in learning and education," EDUCAUSE Rev., vol. 46, no. 5,
pp- 30-32, Sep./Oct. 2011.
[Link: https://er.educause.edu/articles/2011/9/penetrati ng-
the-fog-analytics-in-learning-and-education]

[23] S. P. Lajoie and G. Aube, "Intelligent tutoring systems: A
new paradigm for assessing student performance in complex
learning environments," in Educational Measurement, 4th ed.,
R. L. Brennan, Ed. Westport, CT, USA: Praeger, 2006, pp.
675-706. [Link: Not available publicly, requires purchase]
[24] A. G. C. Wright, K. M. Gates, and S. P. Lane, "Privacy
and ethics in a digital age: A new framework for assessing the
risks and benefits of technology in psychological research,"
Perspect. Psychol. Sci., vol. 13, no. 4, pp. 478—498, Jul. 2018.
[Link: https://journals.sagepub.com/doi/abs/10.1177/1
745691618760505]

[25] J. C. Mundt, A. P. Vogel, and P. J. Snyder, "Cognitive
assessment based on eye tracking using device-embedded
cameras via tele-neuropsychology," IEEE Xplore, 2024.
Available: https://ieeexplore.ieee.org/document/109544 60/

Page 6


https://ijsrem.com/
https://ieeexplore.ieee.org/document/8979898/
https://ieeexplore.ieee.org/document/7009550/
https://ieeexplore.ieee.org/document/9599417/
https://ieeexplore.ieee.org/document/9680256/
https://ieeexplore.ieee.org/document/9240624/
https://ieeexplore.ieee.org/document/10954460/
https://www.sciencedirect.com/science/article/pii
https://psycnet.apa.org/record/1998-11551-003
https://www.tandfonline.com/doi/abs/10.1080/0
https://www.sciencedirect.com/science/article/pii/S0959475211000757
https://www.sciencedirect.com/science/article/pii/S0959475211000757
https://royalsocietypublishing.org/doi/abs/10.1098/rstb.1997.0108
https://royalsocietypublishing.org/doi/abs/10.1098/rstb.1997.0108
https://ieeexplore.ieee.org/document/6756845/
https://link.springer.com/article/10.1007/s10648
https://www.science.org/doi/abs/10.1126/scienc
https://www.tandfonline.com/doi/abs/10.1080/0
https://www.nature.com/articles/s41562-016-
https://ieeexplore.ieee.org/document/8979898/
https://jedm.educationaldatamining.org/index.php/JEDM/article/view/8
https://jedm.educationaldatamining.org/index.php/JEDM/article/view/8
https://www.solaresearch.org/hla-17/hla17-chapter1/
https://learning/
https://er.educause.edu/articles/2011/9/penetrati
https://journals.sagepub.com/doi/abs/10.1177/1
https://ieeexplore.ieee.org/document/10954460/

