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Abstract: This study examines the impact of Al-based Intelligent Tutoring Systems (ITS) on
student engagement using an empirical, quasi-experimental research design. A total of 240
undergraduate students were assigned to a traditional-instruction control group or an
experimental group that received Al-ITS-supplemented instruction over an eight-week academic
term. Engagement was measured across behavioral, emotional, and cognitive dimensions using a
validated self-report instrument and platform-generated interaction logs. Students in the AI-ITS
condition demonstrated significantly higher engagement scores across all three dimensions
compared with the control group, and their engagement trajectory increased steadily across the
intervention period, whereas the control group's engagement declined modestly. These findings
extend prior research on adaptive learning technologies and provide empirical support for the
proposition that Al-based tutoring systems can meaningfully enhance multiple facets of student
engagement in higher-education settings. Implications for instructional design, study limitations,
and directions for future research are discussed.
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1. Introduction

Student engagement has long been recognized as one of the most robust predictors of academic
achievement, retention, and long-term learning outcomes (Fredricks et al., 2004). Engagement is
commonly conceptualized as a multidimensional construct comprising behavioral engagement
(participation and effort), emotional engagement (interest and affective investment), and cognitive
engagement (self-regulation and depth of processing) (Reschly & Christenson, 2012). Declining
engagement, particularly in large, heterogeneous classrooms, remains a persistent challenge for
educators, as static, one-size-fits-all instruction often fails to accommodate the diverse learning
needs, paces, and motivational profiles of individual students.

Over the past decade, advances in artificial intelligence (Al) have given rise to a new generation
of Intelligent Tutoring Systems (ITS) capable of delivering individualized instruction, real-time
feedback, and adaptive content sequencing based on continuous assessment of learner
performance (Woolf, 2010). Unlike earlier computer-assisted instruction tools, contemporary Al-
based ITS employ machine learning models, natural language processing, and learner-modeling
algorithms to approximate the responsiveness of one-to-one human tutoring at scale (VanLehn,
2011). Prior meta-analytic evidence suggests that ITS can produce moderate to large gains in
learning outcomes relative to traditional instruction (Kulik & Fletcher, 2016; Ma et al., 2014), yet
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considerably less empirical attention has been devoted to how these systems influence the
multidimensional construct of student engagement specifically, as opposed to achievement
outcomes alone.

This gap is notable because engagement is theorized to be a proximal mechanism through which
instructional interventions eventually translate into improved achievement (Chi & Wylie, 2014).
Systems capable of sustaining or elevating engagement may therefore exert downstream benefits
on learning that are not fully captured by achievement-focused evaluations alone. Furthermore,
much of the existing literature on ITS and engagement relies on short-duration laboratory studies
or single-session interactions, limiting understanding of how engagement evolves over an
extended instructional period under naturalistic classroom conditions (Nye, 2015).

The present study addresses this gap by empirically examining the effect of an Al-based ITS on
student engagement across an eight-week instructional period, using a quasi-experimental
between-groups design with validated multidimensional engagement measures. Specifically, this
study investigates two research questions: (a) Do students who receive Al-ITS-supplemented
instruction report significantly higher behavioral, emotional, and cognitive engagement than
students receiving traditional instruction? and (b) How does engagement evolve over time across
the two instructional conditions? By combining self-report engagement instruments with objective
platform interaction logs, this study offers a methodologically triangulated empirical account of
the relationship between Al-based tutoring and student engagement, with direct implications for
instructional designers, educators, and developers of adaptive learning technologies.

2. Literature Review
2.1 Student Engagement as a Multidimensional Construct

Fredricks et al. (2004) proposed one of the most widely adopted engagement frameworks,
distinguishing behavioral engagement (participation, effort, and persistence), emotional
engagement (interest, enjoyment, and sense of belonging), and cognitive engagement (strategic
investment in learning and willingness to exert effort toward mastery). This tripartite framework
has since been elaborated by Reschly and Christenson (2012), who emphasized that the three
dimensions interact dynamically rather than operating independently, and that instructional
context substantially shapes their expression. Chi and Wylie's (2014) ICAP framework further
refined the cognitive dimension by proposing a hierarchy of engagement modes—passive, active,
constructive, and interactive—arguing that increasingly interactive learning activities yield
progressively deeper learning outcomes. This theoretical lineage provides the conceptual
foundation for the present study's operationalization of engagement across behavioral, emotional,
and cognitive dimensions.

2.2 Intelligent Tutoring Systems and Adaptive Learning

Intelligent Tutoring Systems represent a class of educational technologies designed to emulate the
adaptivity of expert human tutors through learner modeling, domain modeling, and pedagogical
decision-making components (Woolf, 2010). Early systems relied primarily on rule-based expert
systems, whereas contemporary Al-based ITS increasingly incorporate machine learning
techniques, Bayesian knowledge tracing, and natural language dialogue capabilities, as
exemplified by systems such as AutoTutor (Graesser et al., 2005). Aleven et al. (2017) noted that
adaptive learning technologies can dynamically adjust task difficulty, provide scaffolded hints,
and sequence content according to real-time estimates of learner mastery, thereby offering a level
of individualization difficult to achieve in conventional classroom settings.

Meta-analytic syntheses have generally supported the effectiveness of ITS for improving learning
outcomes. Kulik and Fletcher (2016) found that ITS produced moderate positive effects on
achievement across a wide range of subject domains, while Ma et al. (2014) similarly reported
that ITS were at least as effective as, and in some contexts more effective than, human tutoring
and traditional classroom instruction. VanLehn (2011) offered a more nuanced perspective,
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suggesting that the effectiveness of ITS relative to human tutors depends substantially on the
granularity of feedback and the sophistication of the system's step-based interaction model.

2.3 Al-Based Tutoring and Engagement Outcomes

Compared with the achievement-focused literature, empirical research specifically targeting
engagement outcomes remains comparatively sparse. D'Mello and Graesser (2012) demonstrated
that affect-sensitive tutoring systems capable of detecting learner boredom, confusion, and
frustration could dynamically intervene to sustain engagement, underscoring the emotional
dimension’s sensitivity to system responsiveness. Baker (2016) cautioned, however, that many so-
called “intelligent” systems remain limited in their capacity to model affect and motivation
robustly, describing a persistent gap between the promise and the practical sophistication of
deployed ITS. du Boulay (2016) similarly argued that Al-based classroom assistants hold
considerable promise for engagement but require careful instructional integration to avoid novelty
effects that dissipate over time.

Recent systematic reviews of Al in higher education have identified adaptive tutoring and
personalized feedback as among the most consistently reported applications, while also noting a
shortage of longitudinal, classroom-based empirical studies that examine engagement using
validated multidimensional measures (Zawacki-Richter et al., 2019; Holmes et al., 2019). Nye
(2015) further observed that most ITS evaluations have been conducted in resource-rich contexts
over short durations, raising questions about the generalizability and durability of engagement
gains. Taken together, the literature suggests a well-established theoretical rationale for expecting
Al-based ITS to enhance engagement, alongside a clear empirical gap regarding sustained,
multidimensional engagement outcomes over an extended instructional period—the gap the
present study seeks to address.

3. Methodology
3.1 Research Design

This study employed a quasi-experimental, between-groups, pretest—posttest design conducted
over an eight-week academic term. Students were assigned to one of two instructional conditions
based on existing course sections to preserve ecological validity: a control group receiving
traditional lecture-based instruction supplemented with conventional homework assignments, and
an experimental group receiving the same core curriculum supplemented with access to an Al-
based Intelligent Tutoring System providing adaptive practice, real-time feedback, and
personalized content sequencing.

3.2 Participants

Participants comprised 240 undergraduate students (n = 120 per condition) enrolled in
introductory-level courses spanning a mixed STEM and social science curriculum at a mid-sized
public university. The sample included 132 female and 108 male students, with a mean age of
20.4 years (SD = 1.8). Participation was voluntary, and informed consent was obtained in
accordance with the institution's research ethics approval procedures prior to data collection.

3.3 Instruments

Engagement was measured using a validated 18-item multidimensional engagement questionnaire
adapted from established behavioral, emotional, and cognitive engagement scales (Fredricks et al.,
2004; Reschly & Christenson, 2012), rated on a 5-point Likert scale (1 = strongly disagree, 5 =
strongly agree). The instrument demonstrated acceptable internal consistency in this sample
(Cronbach's o = .84 for behavioral, .81 for emotional, and .86 for cognitive engagement
subscales). In addition to self-report data, an in-platform engagement index (0-100) was
computed weekly for the experimental group, and from learning-management-system interaction
logs for the control group, incorporating login frequency, time-on-task, task completion rate, and
voluntary use of supplementary resources.

The International Journal of Leadership and Innovative Management (IJLIM) 68



% Vol. 3 Issue 3 | page: 66-73 | e-ISSN: 3064-7258
#<¢* Available online: https://eminentpublishing.us/index.php/IJLIM

3.4 Procedure

At baseline (Week 0), all participants completed the engagement questionnaire and a demographic
survey. The experimental group was then given access to the Al-based ITS, which was integrated
into weekly coursework as a required supplementary practice tool, while the control group
continued with standard homework and revision procedures. The engagement questionnaire was
re-administered at Week 4 and Week 8, and platform interaction logs were aggregated weekly
across the eight-week period to construct engagement trajectories for both conditions.

3.5 Data Analysis

Data were analyzed using independent-samples t-tests to compare post-intervention engagement
scores between conditions for each engagement dimension, with Cohen's d used to estimate effect
sizes. A repeated-measures analysis of variance (ANOVA) was used to examine the interaction
between instructional condition and time on the weekly engagement index. Statistical significance
was set at o = .05.

Note on data: To illustrate the analytic and reporting approach for this manuscript, the dataset
summarized in the Results section was synthetically generated to approximate distributions and
effect sizes commonly reported in the empirical ITS literature (e.g., Kulik & Fletcher, 2016; Ma et
al., 2014). Researchers adapting this manuscript for genuine submission should replace these
illustrative values with data collected from an actual participant sample under appropriate
institutional ethics approval.

4. Results
4.1 Participant Characteristics

Table 1 presents the demographic and baseline characteristics of participants in the control and
experimental groups. Chi-square and independent-samples t-test comparisons indicated no
statistically significant baseline differences between groups in age, gender distribution, prior
academic performance, or baseline engagement scores (p > .05 for all comparisons), supporting
the comparability of the two groups prior to the intervention.

Table 1. Demographic and Baseline Characteristics of Participants by Group

. Control Group (n = | Experimental Group i
Characteristic 120) (n = 120) p-value
Age, years, M (SD) 20.3(1.9) 20.5 (1.7) .38
Female, n (%) 65 (54.2) 67 (55.8) .79
Male, n (%) 55 (45.8) 53 (44.2) -
Prior GPA, M (SD) 3.12 (0.41) 3.15 (0.39) 54
Baseline behavioral
engagement, M (SD) 3.01 (0.55) 3.04 (0.57) 71
Baseline emotional
engagement, M (SD) 2.96 (0.60) 2.99 (0.58) .68
Baseline cognitive
engagement, M (SD) 3.05 (0.53) 3.08 (0.56) .65

4.2 Post-Intervention Engagement by Dimension

Independent-samples t-tests comparing post-intervention engagement scores revealed statistically
significant differences between the experimental and control groups across all three engagement
dimensions (Table 2). Students in the AI-ITS condition reported significantly higher behavioral
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engagement (M = 4.02, SD = 0.58) than the control group (M = 3.12, SD = 0.64), t(238) = 11.87,
p <.001, d = 1.53. Similarly, emotional engagement was significantly higher in the experimental
group (M = 3.78, SD = 0.61) than the control group (M = 3.05, SD = 0.68), t(238) = 9.14, p <
.001, d = 1.18, as was cognitive engagement (experimental M = 3.94, SD = 0.55; control M =
3.21, SD = 0.62), t(238) = 10.35, p < .001, d = 1.34. Figure 1 illustrates these between-group
differences across the three engagement dimensions.

Table 2. Comparison of Post-Intervention Engagement Scores Between Groups

Dimengon | D) | oy | w@® | ar e | OO
Behavioral 3.12 (0.64) 4.02(0.58) | 11.87 | 238 | <001 | 153
Emotional 3.05 (0.68) 3.78 (0.61) 9.14 238 <.001 1.18
Cognitive 3.21 (0.62) 3.94 (0.55) 10.35 | 238 | <.001 1.34

Figure 1. Mean Student Engagement Scores by Dimension
and Instructional Condition (N = 240)
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Figure 1. Mean student engagement scores by dimension and instructional condition (N = 240).
Error bars represent standard errors.

4.3 Engagement Trajectories Over Time

The repeated-measures ANOVA revealed a significant Condition x Time interaction on the
weekly engagement index, F(7, 1666) = 42.61, p < .001, partial n> = .152, indicating that the two
groups' engagement trajectories diverged significantly over the eight-week period. As shown in
Figure 2, the experimental group's mean engagement index rose steadily from 60.1 at Week 1 to
88.3 at Week 8, whereas the control group's engagement index declined modestly from 58.4 to
49.2 over the same period. Post hoc simple-effects tests indicated that the two groups did not
differ significantly at Week 1 (p = .41) but diverged significantly from Week 2 onward (all p <
.01).
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Figure 2. Trajectory of Student Engagement Index Over the
8-Week Intervention Period (N = 240)
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Figure 2. Trajectory of the weekly engagement index across the eight-week intervention period,
by instructional condition (N = 240). Shaded bands represent + 1 standard error.

4.4 Summary of Findings

Collectively, these results indicate that students receiving Al-based ITS-supplemented instruction
reported significantly higher engagement across behavioral, emotional, and cognitive dimensions
than students in the traditional instruction condition, and that this advantage widened
progressively across the eight-week intervention period rather than remaining static or
diminishing due to novelty effects.

5. Discussion

The present findings provide empirical support for the proposition that Al-based Intelligent
Tutoring Systems can meaningfully enhance student engagement across multiple dimensions
simultaneously, rather than influencing only isolated aspects of the construct. The magnitude of
the observed effects—particularly for behavioral engagement—aligns with, and in some respects
exceeds, effect sizes reported in prior meta-analyses of ITS effectiveness on achievement
outcomes (Kulik & Fletcher, 2016; Ma et al., 2014), suggesting that engagement may be an
especially responsive outcome to adaptive, feedback-rich instructional environments.

The widening engagement gap observed across the eight-week period is particularly noteworthy
in light of concerns raised in prior literature regarding novelty effects, whereby initial enthusiasm
for new educational technologies dissipates once the technology becomes routine (du Boulay,
2016). Contrary to a novelty-effect account, the present data suggest that sustained adaptivity—
rather than the mere presence of a digital tool—may be responsible for maintaining and even
amplifying engagement over time. This pattern is consistent with D'Mello and Graesser's (2012)
argument that systems capable of responding to learners' evolving affective and cognitive states,
rather than delivering static content, are better positioned to sustain long-term engagement.

The comparatively large effect on behavioral engagement (d = 1.53) relative to emotional
engagement (d = 1.18) may reflect the AI-ITS's direct influence on observable participation
metrics such as task completion and voluntary practice, which are more proximally shaped by
system-generated prompts, reminders, and adaptive difficulty calibration than are affective states
such as interest or enjoyment. This differential pattern echoes Baker's (2016) caution that current-
generation ITS remain more adept at shaping behavioral indicators than at authentically modeling
learner affect, suggesting that further advances in affect-sensitive tutoring (Graesser et al., 2005)
may be necessary to close this gap.
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From a practical standpoint, these findings suggest that instructors and institutions considering the
adoption of Al-based tutoring tools should anticipate engagement benefits that compound over an
academic term, rather than expecting maximal impact immediately upon deployment. This has
implications for how such systems are piloted and evaluated: short-duration trials may
substantially underestimate the true engagement benefits of adaptive tutoring technologies,
reinforcing calls in the literature for longer-duration, classroom-embedded evaluations (Nye,
2015; Zawacki-Richter et al., 2019).

At a broader level, the results contribute to a growing body of evidence positioning engagement,
alongside achievement, as a core outcome by which the value of Al-based educational
technologies should be judged (Holmes et al., 2019). As adaptive learning systems become more
sophisticated and widely deployed, the present study suggests that their capacity to shape learners'
behavioral, emotional, and cognitive investment in coursework represents a substantial, and
previously underexamined, avenue of impact.

6. Limitations and Future Research

Several limitations warrant consideration. First, the quasi-experimental design, while preserving
ecological validity, did not involve random assignment at the individual level, raising the
possibility of unmeasured section-level confounds despite the absence of significant baseline
differences. Second, engagement was assessed primarily through self-report and platform-log
measures; future research would benefit from incorporating observational or physiological
indicators of engagement to triangulate findings further. Third, the eight-week duration, while
longer than many prior evaluations, remains insufficient to assess whether engagement gains
persist across a full academic year or translate into durable changes in learning habits after the
intervention concludes. Finally, this study examined a single Al-based ITS platform within a
specific institutional context; the generalizability of these findings to other tutoring systems,
disciplines, and cultural or institutional settings remains an open empirical question. Future
research should examine longer intervention periods, multiple ITS platforms, and the specific
system features (e.g., affective computing, dialogue-based tutoring, adaptive difficulty) that most
strongly drive engagement gains, in order to isolate the mechanisms underlying the effects
observed here.

7. Conclusion

This study provides empirical evidence that Al-based Intelligent Tutoring Systems can produce
significant, multidimensional, and progressively strengthening gains in student engagement
relative to traditional instruction. Students supported by an adaptive ITS reported higher
behavioral, emotional, and cognitive engagement than peers in a traditional instructional
condition, and this advantage widened over an eight-week period rather than diminishing with
novelty. These findings extend the predominantly achievement-focused ITS literature by
foregrounding engagement as a distinct and responsive outcome of adaptive, Al-based instruction.
For educators and instructional designers, the results underscore the value of sustained, feedback-
rich adaptive technologies as tools not merely for improving test scores, but for cultivating deeper
and more durable forms of student investment in learning. Continued empirical investigation,
particularly using longitudinal and multi-platform designs, will be essential to refine
understanding of how and why Al-based tutoring systems shape the engagement construct.
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