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Artificial intelligence (AI) has increasingly been integrated into higher education platforms
to provide adaptive learning pathways, automated feedback, and personalized learning
support. However, empirical evidence regarding the effects of different levels of Al
integration on student learning outcomes remains insufficient. This study evaluates the
impact of Al-integrated smart learning environments through a quasi-experimental design
involving three instructional conditions: a conventional learning management system
(LMS), a semi-adaptive learning environment, and a fully Al-integrated learning
environment. A total of 282 undergraduate students were analyzed using pre- and post-test
assessments, system interaction logs, and learner perception surveys. Statistical analyses,
including analysis of variance, correlation analysis, and hierarchical regression, were
conducted to examine differences in learning performance, engagement, and feedback
utilization. The results showed that students in the fully Al-integrated environment achieved
higher post-test scores (M = 80.3%) and normalized learning gains (g = 0.47) compared
with the semi-adaptive and conventional LMS groups. Furthermore, Al-generated feedback
interaction explained 28.4% of the variance in learning performance, while perceived
personalization contributed additional explanatory power beyond time-on-task. These
findings suggest that Al integration level is associated with improved learning performance
and engagement in higher education contexts. However, further studies involving diverse
institutions and longitudinal evaluation are required to examine the long-term effectiveness
and generalizability of Al-supported learning environments.

1. INTRODUCTION

mistaken for higher levels of instructional support or time-on-
task, and dosage confounds are a risk to internal validity [6].

The advent of artificial intelligence (Al) has transformed the
digital learning space, especially in higher education, with its
ability to create adaptive content, real-time analytics, and
automated feedback mechanisms [1]. The latest advancements
in large language models (LLMs) continue to expand the
potential for intelligent learning environments (ILEs), where
intelligent support for instruction is adaptable and scalable and
can provide natural language interaction, feedback, and
personalized support [2]. Despite those developments, there is
still a lack of convincing empirical evidence of how and when
the use of Al-supported learning systems leads to better
learning outcomes [3].

The majority of previous research findings indicate that Al
tutoring or adaptive learning tools have a positive impact on
student performance and engagement [4]. However, there are
a few drawbacks in these works and the three major drawbacks
are as follows. First, Al interventions are usually generic and
conceptual, with few technical details available about how the
model is set up, how it adapts to the problem, and the pipeline
for generating feedback [5]. Second, the effects of Al are often
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Third, many studies focus on post-results without providing
any solid learning theory or formal explanation of the results
[7].

To fill these gaps, recent research on educational Al has
suggested a mechanism-based assessment that links Al
capabilities (such as adaptive sequencing, automated
feedback) with conceptualized learning mechanisms
(cognitive load regulation, self-regulated learning, and
learning dynamics of feedback) [8]. Otherwise, statements
about the effectiveness of Al-supported learning environments
are mostly correlative and prone to overgeneralization [9]. In
the realm of higher education, Al is reshaping the nature of
traditional, semi-adaptive, and Al-enhanced learning
environments, marking a paradigm shift in the way education
is delivered and experienced [10]. In contrast to stereotypical
approaches, which are based on a set of rules and
predetermined structures, Al systems can also learn from data,
thereby positively affecting the performance and engagement
of students [11]. The technological revolution has positioned
Al as a central element in the improvement of educational
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systems and teaching practices during 2022-2024 [12]. As Al
continues to evolve within educational systems, its integration
into strategies for comparing traditional, semi-adaptive, and
Al-integrated learning environments in higher education, and
their impact on student performance and engagement,
becomes crucial for ensuring robust and effective learning
[13]. The importance of Al lies in its use in a coherent and
educationally supportive manner, i.e., through adaptive
sequencing, real-time feedback, and individual customization,
and in its ability to help achieve many learning outcomes in
higher education [14].

In this setting, this study explores an Al-powered learning
platform that is an amalgamation of adaptive learning routes,
analytics-driven customization, and natural language feedback
powered by LLMs. In contrast to the previous application-
focused research, the present work explores not only the
presence of the positive impact of Al-supported learning, but
also the relationship of various levels of Al support with the
nature of engagement, feedback usage, and learning gains in
the controlled setting.

In this respect, a quasi-experimental design was utilized
with three conditions of instruction in a higher education
traditional learning management system (LMS), which is used
as a control condition, a semi-adaptive system where
personalization is based on rules, and a fully Al-integrated
environment where adaptive sequencing and rule-based
feedback are considered. Pre/post testing, system logs, and
validated survey tools were used to measure learning
outcomes, engagement statistics, and the perceptions of
learners.

The contributions of this study are threefold:

1. A model-based evaluation framework that is multi-
condition and systematically distinguishes between traditional
LMS, semi-adaptive and fully Al-integrated learning
environments within one educational environment.

2. Empirical study on the effect of varying degrees of Al
integration on learning performance, engagement and
feedback use, and perceived personalization.

3. Theory-based analysis and discussion of the relationship
between adaptive feedback mechanisms, learner engagement,
and academic performance with multiple quantitative
evaluation measures.

2. RELATED WORKS

Recent developments in ILEs have been dedicated to the use
of learning analytics, adaptive decision-making, and Al-based
instructional support as a mitigation measure for heterogeneity
among learners in higher education. Empirical evidence shows
that ILEs have the potential to improve the engagement and
academic achievement of learners when adaptive mechanisms
are coordinated with instructional goals and learner models
[15].

Nonetheless, extensive assessments demonstrate that
numerous systems do not have a formalized strategy of
adaptation, and they are dependent on personalization
performed heuristically or based on rules that restrict the
capabilities of generalization to other situations [16]. Recent
research investigations emphasize the importance of
transparency and explain ability in the context of Al-assisted
learning and education systems, in particular with the
increasingly widespread embedding of generative Al learning
modules into learning platforms [17].
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Adaptive learning systems attempt to dynamically
customize learning content, sequence, and difficulty levels
based on learner-specific attributes (such as prior knowledge,
performance histories, and behavioral indicators). Recent
meta-analytical studies have found moderate, but consistent
increases in learning outcomes due to adaptive instructional
systems, with strong effects found in the higher education
level Science, Technology, Engineering, and Mathematics
(STEM) context [18]. Nonetheless, the success of adaptively
depends very much upon the accuracy of learner modeling and
the granularity of the decisions about how to adapt over time
[16].

Although there are multiple modern systems in place to
drive adaptation strategies using machine learning, these
systems often lack explicit operational definitions outlining
the mechanisms by which adaptation rules are updated or
evaluated over the course of instruction [19].

Automated feedback has become one of the key domains of
Al for educational purposes, and recent systems use
techniques of natural language processing (NLP) and LLMs to
generate customized explanations, hints, and reflective
prompts [20]. Empirical studies suggest that Al-driven
feedback can help learners to reflect on their learning process
and to improve their own practice, but these studies indicate
that this is more likely when a learner receives feedback that
is delivered in a timely, task-specific manner and is consistent
with their intended learning goals [21].

Nevertheless, modern empirical research highlights severe
risks inherent in unregulated Al feedback, such as mistakes,
overgeneralization, and  cognitive  overload  [22].
Consequently, there is a growing push by scholars to promote
the use of hybrid feedback architectures that incorporate a use
of Al that generates suggestions but augment this with levels
of validation or instructor oversight [23].

A review of the current literature on intelligent and adaptive
learning environments shows encouraging results, but their
validity is limited by lack of technical transparency, varying
evaluation methodologies, and a lack of strong theoretical
foundations [24].

In particular, there is a lack of multi-condition
investigations in which levels of Al support are discriminated
in a systematic fashion while controlling for the effects of
instructional exposure, and a lack of anchoring of findings
within well-established learning theories.

The present research attempts to overcome these limitations
by providing a structured and theory-driven evaluation of an
Al-integrated learning environment, in which feedback
processes enabled by adaptive and natural-language-
processing-based methodologies are explicitly outlined and
thoroughly analyzed.

3. MATERIALS AND METHODS

These research methods were implemented using a quasi-
experimental, multi-conditional research design to study the
impact of varying levels of Al support within a smart learning
environment in higher education. Three conditions of
instruction were compared: (i) a conventional LMS, which
was used as a control condition, (ii) a semi-adaptive learning
environment based on rule-based personalization, and (iii) a
fully integrated learning environment with Al that
incorporated adaptive sequencing and NLP-based automated
feedback.
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Figure 1. A framework to enhance the impact of artificial
intelligence (Al)-based smart learning

Due to institutional constraints, a quasi-experimental
approach was used. Stratified assignment was employed to
address selection bias based on previous academic
achievement and program membership in the program. This
design enables an essentially ecological evaluation within the
context of a real educational setting, while maintaining the
ability to control the conditions. The methodology of
designing an Al environment is shown in Figure 1.

3.1 Participants and sampling procedure

Participants were college students who were taking a
mandatory computer science course (Introduction to
Computer Science). The study took place across an entire
academic term. Both the content of instruction, learning
activities, and assessments were identical for all participants,
and the amount of Al support was differentiated between the
experimental conditions. A total of 300 students was found
willing to be subjects in the investigation. Following the data
screening procedures, including the removal of incomplete
pre- or post-test records and inconsistencies in the technical
logs, the final analyzed sample was 282 participants who were
evenly distributed across the three experimental conditions (n
= 94 per group).

Exclusion criteria were determined in advance and were
applied equally to all conditions. These criteria included
missing post-test assessments, incomplete engagement logs,
and withdrawal from the course before the intervention was
completed. The final analytic sample met assumptions of
group comparability and did not reveal statistically significant
differences in pre-test performance between the three
conditions.
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3.2 Control condition (conventional learning management
system)

The control condition was a normal LMS, which provided
fixed sequences of learning in an instructional sequence
provided by the instructor, and asynchronously (manually)
gave feedback. No automated feedback mechanisms or
adaptive mechanisms were installed in this condition.

3.3 Semi-adaptive learning environment

The semi-adaptive condition involved the addition of rule-
based personalization mechanisms, such as predefined content
branching based on quiz performance and completion state.
Feedback within this condition was template-based, i.e.,
limited to correctness indicators and short explanatory
messages, and did not use dynamic natural language
generation.

3.4 Fully
environment

artificial intelligence-integrated learning

It integrated a fully Al-based condition, featuring adaptive
learning pathways and automated feedback created using NLP
[25]. Adaptive sequencing: difficulty and pacing of
instructions were matched based on information about learner
performance, engagement, and error patterns. Automated
feedback was presented in real time using a chatbot-style
interface that was designed to provide task-specific
explanations and reflective clues that were based on the course
learning goals.

The differences among the three instructional conditions are
primarily the amount of personalization, adaptively, and
feedback automation that was given to learners, as shown in
Table 1. The static delivery of existing content in the LMS was
further enriched by adding rules for personalization in the
semi-adaptive scenario. These were further enhanced with
dynamic content sequencing, real-time learner modeling, and
feedback generation using NLP-based methods.

Table 1. Evaluation of instructional features across
experimental conditions

Feature Conventional  Semi-Adaptive  Fully
LMS Environment Al
Static learning
content v v v
Instructor-led
learning sequence v v v
Rule-based
personalization X v v
Adaptive cgntent X Limited v
sequencing
ﬁg::;g:ctid X Template-based v
Natural language
feedback X X v
Real-time -
adaptation X Limited v
Learner belllawor X Basic v
analysis
Personalized X Partial v

learning pathways

Note: LMS = learning management system, Al = artificial intelligence.



3.5 Artificial intelligence system architecture and feedback
pipeline

The Al-enhanced learning environment has a modular
architecture that has four central components, i.e., (i) data
collection from the learner, (ii) the decision engine, (iii) an
NLP-based feedback generator, and (iv) the validation and
monitoring layer [26]. The adaptive decision engine
continually received learner interaction information, such as
quiz answers, timed learning, and navigation patterns, etc.
Using predefined decision parameters and performance
thresholds, the software dynamically selected feedback
strategies for subsequent learning activities.

The feedback part, which used NLP, used an LLM that was
set to deterministic output production in order to ensure
consistency. Prompt templates were designed to target
particular types of learner errors with targeted types of
feedback (conceptual clarifications, procedural directions, or
metacognitive prompts).

3.6 Learning outcomes

The learning outcomes were identified using a standardized
pre-test and post-test, which are based on the course learning
outcomes [27]. Both assessment instruments were made up of
equivalent item structure and matched levels of difficulty, thus
allowing a valid judgment of learning gains between the
experimental conditions.

3.7 Engagement metrics

Learner engagement was operationalized by accessing
system log data, which included total time-on-task, amount of
learning activities completed, and interaction with feedback
[28]. These metrics were used as objective predictors of
learner engagement with the instructional environment.

3.8 Perceptual measures

Learner perceptions relating to the usefulness of feedback,
its personalization, and the overall learning experience were
sought through validated survey instruments applied at the end
of the intervention.

3.9 Analysis of learner interaction

The data analysis was done in three separate phases. First of
all, descriptive statistics were calculated to summarize
learning outcomes and engagement patterns in all conditions.
Subsequently, analysis of the results by inferential testing
through analysis of variance with covariance (ANCOVA) was
performed in order to compare and contrast post-test
performances by controlling for pre-test scores and time-on-
task to enable the practical significance interpretation of the
results, and compared to pre-test scores, norm references with
standardized effect size and confidence levels have been
reported.

Finally, regression analyses were conducted to examine
associations between engagement, feedback utilization, and
learning outcomes, with the findings interpreted as
associational rather than causal, which is consistent with the
quasi-experimental design.
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4. RESULTS AND DISCUSSION

This section presents the learning performance,
engagement, feedback utilization, and personalization results
across the three experimental conditions.

4.1 Baseline equivalence and sample characteristics

Prior to intervention, comparability across the three groups
was tested — equivalence at baseline. One-way analysis of
variance (ANOVA) showed that there were no statistically
significant differences in pre-test scores between the control,
semi-Al, and full-Al groups (F (2, 279) = 1.28, p = 0.28). The
overall mean pre-test score was 62.4% (SD 10.8).
Demographic characteristics matched between groups, and the
average age of participants was 20.3 years (SD = 1.6 years),
and gender distribution was similar (Group A: 53% female,
Group B: 52% female, Group C: 51% female). These results
suggest that any post-intervention differences can be explained
by the learning conditions and not by any pre-existing
differences.

4.2 Learning performance outcomes

The evaluation of the results of learning performance after
intervention was based on standardized post-tests. The results
showed a statistically significant and large effect of the
learning condition on post-test scores by the one-way analysis
of variance (£ (2,279)=18.42, p <0.001). The post-test score
of the control group (Group A) was a mean of 70.2 (SD =
11.5), whereas the post-test score of the semi-Al group (Group
B) was higher (mean = 75.8, SD = 10.1). The performance of
the full AI group (Group C) was the highest at 80.3% (SD =
9.6) post-test result.

Post hoc Tukey's Honestly Significant Difference (HSD)
test showed that the full-Al group significantly outperformed
both the control (p <0.001) and the semi-Al group (p =0.017).
In terms of absolute learning gains, Group A showed an
average gain of 7.8 percentage points, 13.4 for Group B, while
the greatest gain, 17.2 points, was obtained for Group C.

To correct for possible ceiling effects, normalized gains in
learning (g) were calculated using Hake’s formula. The mean
normalized gain for the control group was 0.21, with 0.36 for
the semi-Al group and 0.47 for the full-Al group. The
differences were statistically significant by a Kruskal-Wallis
H test (H (2) = 29.1, p < 0.001), further evidence that the
observed performance benefits were robust. The results of
learning performance of the groups are shown in Figure 2. This
chart shows the normalized learning gains (g) and average
post-test scores (%) of the control group (Group A), the semi-
Al group (Group B), and the full-Al group (Group C). The
full-Al group had the highest mean post-test score (80.1%) and
the highest normalized gain (g = 0.47) compared to the other
groups, highlighting the significant impact of Al-integrated
teaching tools on learning.

4.3 Behavioral engagement patterns

The differences between the experimental groups were
statistically significant. Participants in the full-Al group
averaged 6.8 hours per week on the platform for learning (SD
= 1.1), as opposed to the semi-Al group, who averaged 5.3
hours per week (SD = 0.9), and the control group, with the
number of hours per week equal to 4.1 hours (SD = 0.8) (£ (2,



279)=24.6, p <0.001).

Navigation metrics: Additionally, full-Al learners accessed,
on average, 24.3 (SD = 6.2) content modules, compared to the
semi-Al group with an average of 18.7 (SD = 5.5) content
modules and the control group with an average of 14.8 content
modules (F (2, 279) = 21.3, p < 0.001). Likewise, practice
questions attempted were at their highest (M = 114.5) in the
full-Al group, then their next highest (M = 86.7) in the semi-
Al group, and lastly in the control group (M = 68.3), with
statistically significant differences between the groups (F (2,
279)=19.4, p <0.001).

Correlation analysis showed a moderate positive correlation
between post-test performance and both time on task and depth
of navigation (r = 0.43, p < 0.001), suggesting that when
participants were more engaged in the task, they were more
likely to learn more. It was also observed that attempts at
practice questions were significantly positively related to post-
test results (r = 0.46, p <0.001).

4.4 Al feedback utilization and perceived usefulness

The results of the survey showed significant intergroup
differences in the perceived usefulness of feedback. 88.6% of
the full-Al group indicated that feedback would help them to
detect and correct misconceptions in real time, agreeing or
strongly agreeing. 62.4% of the learners in the semi-Al group
and 41.3% in the control group were satisfied with the
feedback. One-way ANOVA results were statistically
significant (F (2, 279) = 36.7, p < 0.001) and indicated that
there were differences in the perceived feedback utility
between groups. Figure 3 illustrates the results of the Al
system in terms of feedback types.
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Figure 2. Comparison of learning outcomes among
experimental groups
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Figure 3. Types of feedback produced by the artificial
intelligence (AI) system

The results of the Al system in terms of feedback types are
shown in Figure 3. The 1,876 feedback messages that were
sent to the full-Al group were divided into three categories:
motivational (22.1%), elaborative (36.7%), and corrective
(41.2%). This suggests that a balanced approach is being used
for encouraging and supporting learners' performance.

The regression analysis also revealed that the use of Al-
generated feedback was a key determinant of learning
performance. Feedback interaction frequency alone accounted
for 28.4% of the variance in post-test scores (R =0.284, F (1,
280) = 110.4, p < 0.001). Figure 3 shows the distribution of
the types of feedback generated by the Al system.

4.5 Predictive pathways of learning performance

The general effect of engagement, feedback, and
personalization on the learning outcomes was explored
through the use of a hierarchical regression analysis. For the
first model, there was a significant relationship between time-
on-task and posttest (R = 0.31, p < 0.01). In model 2, there
was an additional increase in explained variance with the
addition of feedback interaction frequency (AR? = 0.155, p <
0.001).

The contribution of perceived personalization was 7.4%
additional explained variance (DEV, AR?>=0.074, p <0.01) in
the third model. Figure 4 illustrates learners' perceptions of
trust and allocation in different groups.
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Figure 4. Perceptions of trust and personalization by learners
in different groups

The findings shown in Figure 4 clearly validate that these
variables (behavioral engagement, feedback responsiveness,
and perceived allocation) statistically explain the differences
in Al-assisted learning performance environments. The
overall Al suite also had the highest allocation (90.8%) and Al
decision confidence (85.3%) compared to the partial Al suites
and control suites. Table 2 shows the results for each group.

This study's findings support the notion that students in the
Fully Al-Integrated Learning Environments demonstrate
statistically ~significant gains in student performance,
behavioral engagement, and perceived personalization when
compared to the two other conditions (Traditional LMS and
Semi-adaptive). The results revealed that the mean post-test
score (M = 80.1%) and the mean normalized learning gain (g
= 0.47) for students in the full-Al condition were the highest;
in the hierarchical regression analysis, a model with Al-
generated feedback and perceived personalization of the Al



outperformed a model with only time-on-task, accounting for
more than 41% of the variance in learning outcomes. Together,
these findings suggest that the success of an Al-driven
environment is not only due to exposure alone, but to the
interactions between these three types of environmental
adaptation—adaptive  sequencing, real-time formative
feedback, and learner-centered personalization mechanisms
based on self-determination theory. However, the ethical
management and oversight of fully integrated Al systems in
educational environments are crucial. Higher levels of learner
trust and perceived personalization were linked to positive
learner results, and these results suggest that there are implied
expectations placed on system designers and institutions to
ensure that processes are transparent, data is shared
appropriately, and that learners can and will provide feedback.

Privacy is a challenge to pedagogical authority. This finding

is in line with the international ethics guidelines for the use of
Al in education that focus on the ethical principles of
responsibility, explainability, and students' well-being as
essential factors for the design of Al's role.

There are a number of issues that need to be taken into
account. Because of a lack of random assignment, complete
causal inference is not possible in the quasi-experimental
design. The study was carried out in one institution in one
undergraduate course, making it difficult to generalize the
findings either across disciplines or across educational
contexts. Instructor impact and previous technology
experiences cannot be completely ruled out. Further, the long-
term retention of learning gains is not analyzed, and the Al
feedback pipeline is tested with a single setting of the LLM
and has not been established on other architectures. Figure 5
illustrates the results presented in the research.

Table 2. Results of each study group

Variable Control (Group A)

Semi-Al (Group B)

Full-AI (Group C) Statistical Significance

Sample Size (n) 94
Pre-Test Mean (%) 62.1 (SD=11.2)

Post-Test Mean (%) 70.2 (SD=11.5)

62.9 (SD = 10.5)
75.8 (SD = 10.1)

94 N/A
62.3 (SD=10.7) F(2,279)=1.28,p=0.28
80.3 (SD = 9.6) F(2,279)=18.42,p<

0.001
Absolute Learning Gain (%) +7.8 +13.4 +17.2 —
Normalized Learning Gain (g) 0.21 0.36 0.47 7*(2)=29.1,p<0.001
Time-on-Task (hours/week) 4.1 (SD=0.8) 5.3(SD=0.9) 6.8(SD=1.1) F (2,279)=24.6, p < 0.001
Content Modules Visited 14.8 (SD=4.9) 18.7 (SD=35.5) 243 (SD=6.2) F(2,279)=21.3, p<0.001
Practice Questions Attempted 68.3 86.7 114.5 F(2,279)=19.4, p<0.001
Feedback Satisfaction (% o o o _
41.3% 62.4% 88.6% F (2,279)=36.7, p<0.001
Agree)
41.2% corrective
Feedback Type Distribution — — 36.7% elaborative N/A
22.1% motivational
. TSN
Perceived Personalization (% 42.1% 68.2% 90.8% o
Agree)
1 1c1 0,
Trust in System Decisions (% 38.3% 59.1% 85.3% -
Agree)
. 71.4%
0,
48.5% personalization 61.3% personalization personalization
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Figure 5. Evaluating the impact of integrating artificial intelligence (AI) for enhancing participation in higher education



5. CONCLUSIONS

This study provides empirical evidence showing that fully
integrated smart learning environments with Al contribute
significantly to improving learning outcomes, engagement
behaviors, and learner satisfaction in the context of education.
Al-generated smart learning environments affect student
performance, their interaction with behavioral factors, their
use of feedback, and their perception of specialization in
higher education. Research underscores the need to move from
partial, rule-based Al applications to fully integrated ILEs. But
this strategic shift should be accompanied by rigorous ethical
guidelines and a focus on a learner-centred approach, ensuring
that Al tools are utilized responsibly and sustainably to
improve the education system and enhance the learning
opportunities for its users. Longitudinal designs, more broadly
in the international arena, and the use of sophisticated Al
architectures that are able to predict emotions or dynamically
change the difficulty level will be explored in future work.
Moreover, the fusion of Al and metaverse-based interactive
learning is a viable aspect to design an emotionally engaging
learning environment.
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