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Abstract—This research investigates the comparative
effectiveness of human-instructed and Al-augmented
online education systems through a multilayered
analysis of student engagement, learning retention, and
cognitive load. With the increasing adoption of artificial
intelligence in digital pedagogy, it is critical to assess
whether Al integration enhances or impairs learning
experiences. This study utilizes mixed-methods data
collection, including surveys, system analytics, and
cognitive task analysis, to evaluate outcomes across two
cohorts—one taught by human instructors and the
other supported by Al-driven instructional tools.
Findings indicate that Al-augmented environments
outperform in adaptive engagement and personalized
feedback, while human-instructed platforms show
superior performance in relational engagement and
conceptual depth. The results offer insights into
designing hybrid pedagogical frameworks for
maximizing learner outcomes.

Index Terms—Artificial Intelligence, Digital Pedagogy,
Student Engagement, Learning Retention, Cognitive
Load, Human Instruction, AI-Augmented Learning

1. INTRODUCTION

The digital transformation of education has ushered
in a new era of intelligent learning environments
powered by artificial intelligence (AI). These
environments are capable of real-time adaptation,
personalized content delivery, and dynamic
feedback—features that were previously difficult to
scale with traditional teaching approaches. As online
education becomes increasingly mainstream, Al is
being integrated into learning management systems,
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virtual tutoring platforms, and adaptive assessments
to tailor instruction to individual student needs.
However, despite the promises of automation and
scalability, there remains a critical need to evaluate
the pedagogical implications of Al. Human
instructors, with their ability to offer empathy,
spontaneous explanation, and nuanced feedback,
continue to play an irreplaceable role in the
educational process. Therefore, the question is not
whether AI should replace teachers but how it
compares in practice—and whether a synergistic
model could be more effective.

This paper focuses on three central constructs
essential to understanding learner outcomes in digital
education settings: student engagement, learning
retention, and cognitive load. Engagement is
dissected into behavioral, cognitive, and emotional
dimensions. Learning retention is assessed through
immediate and delayed recall tests, while cognitive
load is measured both subjectively and objectively.
The study adopts a comparative research design to
examine these dimensions across two distinct
instructional models: traditional human-instructed
online learning and Al-augmented instruction.

The findings aim to inform educators, instructional
designers, and policymakers about the strengths and
limitations of both pedagogical approaches. The
ultimate goal is to contribute to the growing field of
Al-enhanced education by exploring not just
technological effectiveness, but also the human-
centered factors that influence meaningful learning
experiences.
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Figure 1: Conceptual Framework of the Study Comparing Al-Augmented and Traditional Human-Instructed Online
Learning Models

2. LITERATURE REVIEW

The body of literature on digital education and Al
integration offers insights into the distinct roles
played by human instructors and Al systems in
fostering learning. Early work by Anderson et al.
(2001) underlined the significance of teaching
presence, suggesting that instructor involvement—
through direct instruction, facilitation of discourse,
and design of learning experiences—correlates
strongly with student satisfaction and perceived
learning. In line with the Community of Inquiry
framework, this presence establishes cognitive,
social, and teaching dimensions that are critical to
successful online learning.

More recently, scholars like Holstein et al. (2019)
have examined AI’s potential to enhance learning
experiences by providing real-time feedback,
dynamic content adaptation, and learner analytics. Al
systems, particularly those employing natural
language processing and machine learning algorithms
have been shown to improve the personalization of
learning pathways, allowing for differentiated
instruction and on-the-fly remediation. These systems
are especially effective in identifying learning gaps
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early and responding with customized support
mechanisms.

Despite these advances, the literature remains sparse
when it comes to comparative studies that holistically
evaluate human-led and Al-supported instruction
across multiple learner outcomes. Most studies
isolate specific dimensions—such as cognitive gains
or motivation—without addressing how engagement,
retention, and cognitive load interact in different
instructional settings. This gap points to a need for
integrated research that considers the
interdependence of affective, cognitive, and
behavioral components of learning.

Theoretical models such as Sweller’s Cognitive Load
Theory (1988) provide a basis for analyzing how
instructional formats affect learners' processing
capacities. According to this theory, well-designed
instruction reduces extraneous load and enhances
germane load, facilitating deeper learning. Al tools,
with their ability to scaffold learning tasks and
eliminate unnecessary complexity, may inherently
reduce cognitive load. Conversely, human instructors
may leverage social presence and adaptive
questioning to foster germane processing.

Fredricks et al. (2004) contribute to the
understanding of student engagement by delineating
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it into three subtypes: behavioral (participation,
effort), emotional (interest, belonging), and cognitive
(investment in learning). These dimensions are
essential in evaluating the learner’s holistic
experience, particularly in online settings where
disengagement is a known risk.

Overall, this review highlights both the promise and
the limitations of Al in digital education and
underscores the ongoing relevance of human
teaching. The emergent question is not one of
superiority, but of how best to integrate Al in ways
that complement and enhance human-led pedagogical
strategies.

3. RESEARCH OBJECTIVES

This study is guided by the following refined and

multidimensional research objectives aimed at

drawing a comprehensive comparison between
human-instructed  and  Al-augmented  online
education systems:

e To systematically assess the triadic structure of
student engagement—behavioral, emotional, and
cognitive—by capturing patterns of participation,
interest, and deep learning strategies employed in
both instructional environments. This objective
focuses on how different modes of instruction
influence learners' active involvement, emotional
resonance, and intellectual investment
throughout the course duration.

e To evaluate both immediate and sustained
learning retention by employing pre-test/post-test
assessments and follow-up evaluations. The
intent is to distinguish how each pedagogical
model impacts the encoding, consolidation, and
long-term recall of learned concepts, thereby
shedding light on the depth and durability of
learning outcomes.

e To measure cognitive load using both subjective
metrics (e.g., NASA-TLX ratings) and objective
indicators (e.g., task completion time, error rates)
across Al-supported and human-led platforms.
This objective investigates the mental effort
required by students during instruction,
identifying whether Al augmentation simplifies
complex tasks or inadvertently introduces new
cognitive demands.
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Collectively, these objectives are designed to inform
a broader understanding of the pedagogical
effectiveness, learner experience, and instructional
design considerations in hybrid and technology-
enhanced learning environments.

4. METHODOLOGY

A quasi-experimental research design was employed
to facilitate a controlled comparison between human-
instructed and Al-augmented instructional models in
an online educational context. This design allowed
for a structured examination of causal relationships
between the type of instruction and learning
outcomes across three dependent variables: student
engagement, learning retention, and cognitive load.

4.1 Participants: The study sample comprised 100

undergraduate students enrolled in a foundational

digital learning course at a mid-sized university.

Participants were randomly assigned into two equal

groups (n=50 each):

Ethical clearance was obtained from the institutional

review board, and all participants provided informed

consent in compliance with research ethics protocols.

e Group A: Received instruction from a live
human instructor via synchronous virtual
sessions and interactive discussion forums.

e Group B: Received instruction through an Al-
augmented learning platform featuring adaptive
quizzes, automated feedback, and Al chatbot
support. All participants provided informed
consent and were given equal access to course
content and duration.

4.2 Research Instruments and Tools:

e Engagement Survey: A validated tool based on
Fredricks et al's (2004) model, measuring
behavioral, emotional, and cognitive engagement
through a 5-point Likert scale.

e Retention Tests: A set of standardized pre-tests,
post-tests, and delayed recall assessments
developed in consultation with subject matter
experts.

e Cognitive Load Measurement: The NASA Task
Load Index (NASA-TLX) was used for
subjective assessment, while system analytics
(e.g., task time, click rates, and help requests)
served as objective indicators.
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e Learning Management System (LMS) Analytics:
Tracked metrics such as time-on-task, discussion
participation, assessment completion rates, and
frequency of Al tool usage.

4.3 Procedure:

1. Pre-Intervention Phase: Both groups completed a
baseline test to assess prior knowledge and a
demographic survey to control for confounding
variables.

Instructional Phase (4 Weeks):

Group A: Attended live classes twice a week
with scheduled office hours and human feedback
on assignments.

o Group B: Engaged with Al-generated
instructional modules, adaptive practice sets, and
automated feedback features.

Post-Instructional Assessment:

o All participants completed a post-test, NASA-
TLX survey, and the engagement questionnaire.

o A follow-up retention test was administered two
weeks after the course ended to assess long-term
knowledge retention.

4.4 Data Analysis Techniques:

e Descriptive  statistics  (means, standard
deviations) were computed to summarize
engagement and cognitive load scores.

e Independent samples t-tests and repeated
measures ANOVA were conducted to identify
statistically significant differences between the
two groups across dependent variables.

e Qualitative data from open-ended survey
questions and LMS discussion threads were
thematically analyzed to capture learner
perceptions and narrative experiences.

This comprehensive  methodology  ensured

methodological triangulation, allowing for robust,

multidimensional insights into the effects of human
versus Al instructional modalities.

5. RESULTS AND ANALYSIS QUANTITATIVE
DATA WERE ANALYZED USING T-TESTS AND
ANOVA

e Engagement: Group B showed higher behavioral
and cognitive engagement, while Group A
scored higher in emotional engagement.
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e Retention: Group B showed improved short-term
retention; Group A showed better long-term
conceptual understanding.

e Cognitive Load: Group B reported lower
perceived cognitive load, suggesting Al
assistance  helped = manage information
processing.

5. Results and Analysis The collected data were
subjected to rigorous statistical analysis using SPSS
software. Quantitative methods, including
independent samples t-tests and repeated measures
ANOVA, were applied to compare the performance
and perceptions of learners across both instructional
groups.
5.1 Engagement Analysis: Engagement was
measured across three  domains—behavioral,
emotional, and cognitive—using a standardized
survey instrument. The results indicated statistically
significant differences (p < 0.05) between the two
groups:

e Behavioral Engagement: Group B (Al-
augmented) scored higher on metrics such as
attendance,  assignment completion, and
participation in automated quizzes. The LMS
logs showed an average of 15% more interaction
time per session compared to Group A.

e Cognitive Engagement: Group B students
demonstrated deeper learning strategies such as
frequent self-testing, use of feedback loops, and
application-based tasks, supported by Al
scaffolding features. Mean cognitive engagement
scores were 4.1/5 for Group B and 3.6/5 for
Group A.

e Emotional Engagement: Group A (human-
instructed) showed significantly higher scores in
emotional metrics such as sense of belonging,
motivation, and instructor rapport (M = 4.3/5 vs.
M = 3.5/5), emphasizing the value of human
connection in virtual settings.

5.2 Retention Analysis: Retention was measured

using three time-bound assessments: pre-test,

immediate post-test, and a delayed post-test

(administered two weeks after instruction).

e  Short-Term Retention: Post-test scores showed
that Group B outperformed Group A by an
average of 8%, indicating better immediate recall
and content mastery.
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e Long-Term Retention: In the delayed test, Group
A retained 78% of the post-test knowledge
compared to 65% in Group B. This suggests that
human instruction may better support conceptual
understanding and long-term memory encoding
through relational and contextual teaching.

5.3 Cognitive Load Analysis: Cognitive load was

analyzed using both subjective (NASA-TLX) and

objective (time-on-task, error rate) measures:

5.4 Statistical Summary:

e  Subjective Load: Group B reported significantly
lower scores in the mental effort and frustration
subscales of NASA-TLX. Participants indicated
that Al feedback and pacing controls helped
reduce confusion and overwhelm.

e Objective Load: Average task completion time
was lower in Group B, and they made 25% fewer
errors on problem-solving exercises, implying
more efficient cognitive processing.

Statistical Test H Focus Area

|

Key Result ‘

Cognitive & Behavioral

Independent t-test
Engagement

Statistically significant differences (p < 0.01) between Al
and Human groups.

ANOVA (Repeated Learning Retention (Time x
Measures) Group)

Significant interaction effect (F(2,98) = 6.42, p = 0.003).

Cognitive Load (NASA-

Ind dent t-test
ndependent t-tes TLX)

Significant group differences across all subscales (p <
0.05).

6. DISCUSSION

Findings suggest that Al-augmented systems excel in
personalization and efficiency, contributing to higher
immediate engagement and retention. However, the
relational and emotional depth provided by human
instructors supports deeper long-term understanding.
These results imply the potential of hybrid models
that merge human empathy with Al precision.

7. IMPLICATIONS AND RECOMMENDATIONS

Educators and instructional designers should consider
integrating Al tools not as replacements but as
supplements to human instruction. Policies must
ensure ethical use of data and inclusivity in Al
systems.

8. CONCLUSION

This study provides compelling evidence for the
respective and complementary strengths of Al-
augmented and human-instructed online education
systems. By examining three critical dimensions—
student engagement, learning retention, and cognitive
load—this research demonstrates that neither
instructional model is universally superior; rather,
each offers distinct advantages suited to different
aspects of the learning experience.

Al-assisted platforms were found to significantly
enhance behavioral and cognitive engagement
through timely feedback, adaptive content, and
continuous interaction. Additionally, these platforms
helped manage and reduce learners perceived
cognitive load, allowing for more efficient processing
of instructional material. Such features make Al
systems  particularly effective for short-term
knowledge acquisition, skills practice, and learner
autonomy.

Conversely, human-instructed environments excelled
in fostering emotional engagement and long-term
conceptual understanding. The human presence in
digital pedagogy supports social learning, empathy,
motivation, and context-building—factors that are
less replicable in Al-driven systems. Learners in
human-led settings benefited from narrative
explanations, personalized anecdotes, and the
relational dynamics essential for deep learning.

Taken together, the findings highlight the potential of
a hybrid instructional model—one that strategically
integrates the strengths of Al-driven automation with
the emotional intelligence and adaptability of human
educators. Such a model could optimize learning
outcomes by delivering efficiency without sacrificing
the human connection.

Future research should focus on the design and
implementation of hybrid pedagogical frameworks,
evaluate long-term outcomes in diverse educational
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contexts, and examine ethical implications of Al
integration. Ultimately, the goal should be to leverage
technology in service of more personalized,
inclusive, and effective learning environments.
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