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This study examined the relationship between Al-powered learning tools, student
engagement, and academic performance in higher education, with a focus on differences
across academic disciplines, age groups, and gender. The study employed a quantitative,
correlational, and causal-comparative research design, involving undergraduate
students from both STEM and non-STEM disciplines through a multi-stage sampling
approach. Data were obtained from Al-generated learning metrics, specifically Time-on-
Task, Interaction Frequency, and Knowledge Mastery, alongside a structured
questionnaire measuring behavioral, cognitive, and emotional aspects of student
engagement, as well as students’ self-reported academic performance. The findings
revealed that student engagement varied according to the type of Al learning tool utilized.
Tools designed to support knowledge mastery were associated with higher levels of
engagement compared to those focused primarily on interaction frequency or time spent
on tasks. Students in STEM-related disciplines generally demonstrated stronger
engagement than those in non-STEM fields, although the pattern of association between
Al tool use and engagement was consistent across disciplines. Knowledge Mastery also
emerged as the most influential factor in predicting academic performance across
different age groups, with older students tending to achieve better academic outcomes.
Additionally, gender differences were observed in how students benefited from specific
Al tools, suggesting varying learning preferences and responses to Al-supported
instruction. Overall, the study highlights the significant role of Al-powered learning tools
in shaping student engagement and academic performance. It emphasizes the need for
mastery-oriented, learner-sensitive, and discipline-responsive Al interventions to
optimize learning outcomes in higher education.
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INTRODUCTION

Student engagement has increasingly been recognized as a central determinant of educational success,
shaping not only academic outcomes but also persistence, motivation, and social development within higher
education. Engagement, understood through its behavioural, cognitive, and emotional dimensions, reflects
the extent of student involvement in learning activities; however, its nature is not uniform across academic
disciplines. For instance, engagement in engineering may involve participation in design simulations, whereas
in the humanities it may manifest in reflective essays and critical debates. Traditional measurement methods,
such as self-report surveys, attendance records, and classroom observations, while valuable, often fall short
in capturing the multidimensional and dynamic aspects of engagement (Fredricks et al., 2016). These
approaches are subjective, labour-intensive, and provide only static snapshots that may not accurately reflect
students’ ongoing learning behaviours. Furthermore, they do not adequately account for the discipline-specific
variations in engagement, thereby limiting educators’ capacity to generate insights that can inform effective
pedagogical interventions (Kahu & Nelson, 2018). This gap underscores the urgent need for innovative and
scalable methods capable of delivering more reliable, valid, and context-sensitive measures of student
engagement across diverse fields of study.

The increasing reliance on digital platforms such as Learning Management Systems (LMS), online classrooms,
and electronic libraries has created vast opportunities for measuring student engagement in higher education.
These platforms continuously generate interaction data, including login frequencies, clickstream activity,
forum participation, and assignment submissions, which, if analyzed effectively, could provide valuable
insights into learning patterns. However, despite the abundance of data, much of it remains underutilized
because conventional statistical approaches are not equipped to handle large-scale, complex, and
unstructured datasets (Long & Siemens, 2014). This has resulted in fragmented or overly generalized findings
that fail to capture the nuances of engagement across different academic disciplines. For example, while
medical students may demonstrate engagement through participation in collaborative case-based learning,
engineering students may display it through iterative testing in lab simulations, and humanities students may
reveal it through long-form textual analysis (Wicks et al., 2015). Bergdahl et al. (2024) emphasize that relying
solely on LMS tools often reduces engagement to one-dimensional indicators, overlooking their contextual
richness. Consequently, there is a growing recognition of the need for more advanced tools that can extract
deeper meaning from digital trace data while accommodating discipline-specific modes of engagement.

Artificial Intelligence (Al)-powered learning tool has emerged as a promising solution to overcome the
limitations of traditional approaches to engagement measurement. By integrating machine learning, natural
language processing, and predictive algorithms, Al can process large datasets in real time, detect hidden
behavioral patterns, and generate insights that would otherwise remain obscured. This allows educators to
identify at-risk students, forecast disengagement, and implement timely interventions (Cheng & Tsai, 2020).
Moreover, Al tools have the capacity to differentiate engagement behaviors across disciplines, such as
analyzing how engineering students interact with coding environments, how law students engage with case-
based reasoning, or how medical students use problem-based simulations (Baker & Yacef, 2009; Chukwu &
Cletus, 2025; GaSevic¢ et al, 2015; Leahy et al, 2025; Siemens & GaSevi¢, 2012; Wise & Jung, 2019; Qu et al.,
2024). Recent studies highlight that Al-enabled systems can also provide more personalized learning
experiences by adapting instructional strategies to student needs, thereby enhancing engagement and
learning outcomes (Woolf et al., 2013). Similarly, Liu and Yang (2025) demonstrated that Al-driven tools can
effectively predict student success through multimodal data analysis, including clickstreams and textual
interactions. Despite these advances, the use of Al in capturing discipline-sensitive engagement remains at an
early stage, requiring empirical validation across diverse higher education contexts, especially in regions with
varying technological readiness.
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Conceptually, student engagement is understood as a multidimensional construct encompassing behavioral,
cognitive, and emotional involvement in learning activities, yet its accurate measurement remains a
longstanding challenge in educational research (Chukwu & Cletus, 2025). The emergence of Al-powered
learning tools represents a shift from subjective self-reported measures toward data-driven representations of
engagement derived from learners’ interactions within digital learning environments (Siemens & Gasevic, 2012;
GaSevic¢ et al., 2015). This shift raises critical questions about the alignment between Al-generated engagement
metrics and students’ perceived engagement, the extent to which engagement manifests differently across
disciplinary learning cultures, and the capacity of Al-based metrics to predict academic performance across
age groups (Medina-Gual & Parejo, 2025; Wise & Jung, 2019). Furthermore, examining how Al-measured
engagement varies across gender is central to broader concerns about equity, inclusivity, and fairness in
algorithm-informed educational decision-making (Borna et al., 2024; Elshaer et al., 2024). Addressing these
conceptualissues is essential for advancing theory and practice in Al-enabled student engagement research.

Although the promise of Al-powered learning tools is substantial, several challenges remain. Concerns about
fairness, transparency, and algorithmic bias raise questions about the accuracy and ethical use of Al in
educational settings (Zawacki-Richter et al., 2019). Issues of data privacy and student consent also complicate
implementation, particularly in contexts where institutional policies are still developing. Moreover, research on
the comparative application of Al tools across academic disciplines is limited, with most studies focusing
narrowly on either STEM fields or online learning environments (Ifenthaler & Sahin, 2023). Existing evaluations
of learning tools dashboards further suggest that while they may enhance participation, their impact on
motivation and academic performance is not always consistent (Huisman et al., 2019). These gaps highlight
the need for systematic, discipline-sensitive research to assess the effectiveness of Al-powered engagement
measurement across diverse academic contexts. Addressing these concerns is essential not only for the
responsible adoption of Al tools but also for ensuring inclusivity and equity in higher education. Therefore, the
primary objective of this study is to investigate how Al-powered learning tools can deliver reliable, scalable,
and discipline-specific insights into student engagement, thereby enhancing teaching and learning outcomes.

LITERATURE REVIEW

Al-Powered Learning Tool Metrics and Student Self-Reported Engagement
Levels

The Community of Inquiry (Col) Theory (Garrison et al.,, 1999) and the Engagement Theory (Kearsley &
Shneiderman, 1998) collectively provide a robust framework for understanding student engagement in Al-
powered learning environments. Col theory emphasizes that meaningful learning occurs through the
interaction of cognitive presence, social presence, and teaching presence, highlighting the collaborative
process by which students construct knowledge through discussion, reflection, and engagement within a
learning community. Complementing this, Engagement Theory posits that learning is most effective when
students are actively involved in collaborative, project-based, and interactive activities, fostering behavioral,
cognitive, and emotional engagement. Together, these theories support the present study by explaining how Al-
powered learning tools can enhance communication, interaction, and active participation across STEM and
non-STEM disciplines, while also guiding the use of Al-generated metrics, such as time-on-task and interaction
frequency, to objectively assess student engagement in technology-mediated learning environments.

Recent empirical studies have demonstrated that Al-powered learning tools can significantly enhance student
engagement across various dimensions. For instance, Bognar and Khine (2025) conducted a pre- and post-
semester survey involving 642 students, revealing that the use of Al chat tools positively influenced students'
perceived engagement and motivation. Similarly, Cao and Phongsatha (2025) found that Al-driven platforms in
blended learning environments improved student engagement, although the reliance on self-reported data

3/16



Chukwu et al. Educational Point, 2026, 3(1), e144

introduced potential biases. These findings suggest that Al tools can facilitate emotional, cognitive, and
behavioural engagement in learning activities. However, the use of self-reported measures to assess
engagement has been critiqued for its susceptibility to biases. Tomita (2018) highlighted that self-reports could
be influenced by students' perceptions and social desirability, potentially leading to inflated engagement
scores.

To address these limitations, studies have incorporated Al-generated behavioral data, such as time-on-task
and interaction frequency, to provide a more objective assessment of engagement. For example, Chaudhary et
al. (2024) demonstrated that Al-assisted audio-learning modules enhanced student motivation and reading
engagement, offering a more nuanced understanding of engagement beyond self-reports. Furthermore, the
integration of Al tools in education has raised concerns about academic integrity. A report by George (2024)
revealed that 40% of Indian students admitted to using Al tools on assignments without permission, indicating
a growing disconnect between students' use of emerging technology and traditional academic integrity
standards. This highlights the importance of educational institutions developing strategies that promote the
ethical use of Al tools while harnessing their potential to enhance student engagement and learning outcomes.
In summary, empirical literature indicates that Al-powered learning tools can positively influence student self-
reported engagement levels. However, the reliance on self-reported data necessitates caution due to potential
biases. Future research should aim to integrate Al-generated behavioral metrics with self-reports to provide a
comprehensive assessment of student engagement and to explore the long-term effects of Al tool usage on
learning outcomes.

Student Engagement Levels and Al-Powered Learning Tools between
Students in STEM and Non-STEM Disciplines

The Technology Acceptance Model (TAM), proposed by Davis (1989), posits that users’ acceptance of
technology is primarily determined by their perceived usefulness and perceived ease of use. In the context of
this study, TAM helps explain why STEM educators and students may adopt Al-powered learning tools more
readily, resulting in higher engagement levels, whereas non-STEM students may demonstrate lower
engagement if the Al tools are perceived as less relevant or more difficult to use within their learning tasks. By
applying TAM, the study can better understand the variations in engagement across disciplines and identify
factors that influence the effective integration of Al tools in educational settings. Recent empirical studies have
examined the impact of Al-powered learning tools on student engagement in both STEM and non-STEM
disciplines. For instance, Ayanwale and Sanusi (2023) conducted a study involving 150 teachers from Nigeria,
revealing that STEM educators exhibited more positive attitudes toward Al integration in teaching compared to
their non-STEM counterparts. Similarly, Lukumon et al. (2025) explored the use of Al tools in enhancing
mathematics engagement, finding that Al interventions significantly improved student interest and
participation in STEM subjects. In contrast, studies by Chaudhary et al. (2024) and Bognar and Khine (2025)
highlighted that while Al tools positively influenced engagement in non-STEM disciplines, the effects were less
pronounced compared to STEM areas. These findings suggest that while Al-powered learning tools can
enhance student engagement across disciplines, their effectiveness may vary, with STEM students potentially
benefiting more due to the nature of the subjects and the alignment of Al tools with STEM learning objectives.

Al-Powered Learning Tool Metrics and Student Academic Performance
Across Different Ages

An important theory that supports this is Self-Determination Theory (SDT), proposed by Deci and Ryan (2000),
which posits that individuals are more motivated and engaged when their needs for autonomy, competence,
and relatedness are satisfied. This theory is relevant to the study because it helps explain why Al-powered
learning tools can enhance academic performance across different age groups. By providing personalized,
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adaptive, and interactive learning experiences, Al tools can support students’ sense of competence and
autonomy, fostering engagement and motivation. Additionally, SDT offers insight into why older students may
benefit more from Al tools, as their greater self-regulation and learning experience allow them to leverage these
tools effectively, resulting in improved academic outcomes.

Recent empirical studies have examined the impact of Al-powered learning tools on student academic
performance across various age groups. In Nigeria, Imoniri (2025) highlighted that Al tools, when aligned with
Universal Design for Learning principles, can enhance student engagement, achievement, and motivation in
STEM subjects. Similarly, Chaudhary et al. (2024) found that Al-driven educational technologies improved
student involvement and academic performance in higher education. These findings suggest that Al tools can
foster engagement and improve academic outcomes across different age groups. Also, Sayici (2025)
conducted a study involving 1,200 students across various age groups and disciplines, revealing that Al-
personalized learning systems positively affected academic performance, with older students showing greater
adaptability and improved outcomes. This suggests that age may influence the effectiveness of Al tools, with
older students potentially benefiting more due to their higher levels of self-regulation and experience. These
studies underscore the potential of Al-powered learning tools to enhance academic performance across
diverse age groups, highlighting the importance of considering age-related factors in the design and
implementation of Al educational technologies.

Al-Powered Learning Tool Metrics and Student Academic Performance
Across Different Genders

An appropriate theory to explain this research question is the Gender Schema Theory, proposed by Bem (1981),
which posits that individuals internalize societal gender norms and expectations, influencing their behaviors,
attitudes, and interactions, including engagement with technology. This theory is relevant to the study because
it helps explain why male and female students may differ in their adoption, use, and effectiveness of Al-
powered learning tools.

For example, male students may engage more readily with Al tools due to socially reinforced perceptions of
competence in technology, while female students may experience higher levels of anxiety or lower self-
perceived proficiency. Applying Gender Schema Theory benefits the study by providing a conceptual
framework to analyze and interpret gender differences in Al tool usage, guiding strategies to foster inclusive
and equitable learning experiences that mitigate gender-related barriers to technology adoption and academic
performance.

Gender differences significantly influence the adoption and effectiveness of Al-powered learning tools,
impacting student academic performance across various educational contexts. International studies have
found that male students are more likely to adopt and use Al tools, such as generative Al chatbots, compared
to female students. For instance, a study by Maggelvang et al (2024) revealed that male students in Norway
exhibited higher engagement with Al tools, while female students reported higher levels of Al anxiety and lower
perceived Al knowledge, leading to reduced usage.

Similarly, a study by Aliyu et al (2025) in Nigeria's Funtua Educational Zone found that both male and female
students achieved similar academic performance in algebra when taught using generative artificialintelligence
(GenAl), indicating that GenAl can foster an inclusive learning environment. However, contrasting findings were
reported by Tang et al. (2025), who observed that male students demonstrated higher achievements in various
academic areas compared to their female counterparts when utilizing GenAl-based learning tools. These
findings underscore the importance of addressing gender disparities in Al tool adoption and utilization to
ensure equitable academic outcomes for all students.
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METHOD

This study adopted a quantitative research approach with a correlational and causal-comparative design. The
quantitative approach was appropriate for systematically collecting and analyzing numerical data on student
engagement and academic performance, while the correlational design examined the relationships between
Al-powered learning tool usage, engagement, and academic outcomes. The causal-comparative design
assessed differences across groups based on factors such as age, gender, and academic discipline. This
combined approach and design enabled the examination of differences in student engagement across Al-
powered learning tool categories, comparisons between STEM and non-STEM disciplines, and predictive
relationships between Al-powered tool metrics, academic performance, and demographic variables. The study
was conducted in higher education institutions that had integrated Al-powered learning platforms offering
tools for student engagement. The population consisted of all 300-level undergraduate students enrolled in
eight institutions who had access to Al-supported platforms (names masked for security reasons), totalling
23,590 students. A multi-stage sampling technique was applied: institutions with functional Al learning
systems were purposively selected, departments were stratified into STEM and non-STEM disciplines, and
proportionate random sampling ensured adequate representation across groups. A final sample of 760
students was drawn, considered adequate according to statistical power guidelines for multivariate analyses.
The instruments for data collection included both Al system-generated engagement metrics and a structured
questionnaire. The structured questionnaire used for data collection was developed by the researcher and
informed by established theoretical models of student engagement, particularly the behavioral, cognitive, and
emotional engagement framework widely applied in higher education research. The relevant items were
adapted from previously validated student engagement instruments, with contextual modifications to reflect
Al-supported learning environments. The primary instrument was a structured questionnaire comprising three
sections: demographic information (5 items), self-reported engagement levels (10 items), and academic
performance metrics (10 items). Engagement was assessed using a Likert scale, focusing on behavioral,
cognitive, and emotional dimensions. Academic performance was measured through self-reported perceived
learning outcomes. The Al-generated engagement metrics, including Time-on-Task (TOT), Interaction
Frequency (IF), and Knowledge Mastery (KM), were derived from system log data captured by the Al-powered
platforms. Time-on-task was computed as the total duration of active engagement per session, excluding idle
periods exceeding predefined thresholds, and scores were expressed in minutes per session. Interaction
Frequency reflected the number of meaningful learner-system interactions per session, including responses
to prompts, navigation through modules, and participation in collaborative activities, scored as total
interactions per session. Knowledge mastery was estimated using adaptive performance scoring models
embedded within the platforms, which analyzed response correctness, speed, and progression through tasks
to generate a score on a 0-100 scale, where higher scores indicated stronger cognitive understanding. All
metrics were standardized using z-score normalization to enable comparison across platforms and
institutions, and uniform analytic rules were applied to minimize algorithmic bias. The subgroup analyses were
conducted to detect systematic disparities based on age, gender, or academic discipline. To establish validity,
the instrument underwent a rigorous face and content validation process. Three experts in educational
technology, three in measurement and evaluation, and three in higher education pedagogy independently
reviewed the instrument to evaluate item relevance, construct representation, clarity of language, scale
appropriateness, and alignment with Al-mediated learning contexts. It was based on their feedback, redundant
items were removed, ambiguous statements were reworded, and additional items were included to ensure
comprehensive coverage of each construct. The revised instrument was subsequently pilot tested among
undergraduate students drawn from institutions similar to those included in the main study but not part of the
final sample. Furthermore, the validity and reliability of these Al-generated metrics were rigorously established.
The metrics were triangulated with standardized self-report engagement scales, and correlation analyses
indicated moderate to strong alignment between platform-generated and self-reported engagement,
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confirming construct validity. Internal consistency was verified using Cronbach’s alpha, which ranged from
0.77 to 0.87, indicating strong reliability. Additionally, Knowledge Mastery scoring algorithms were reviewed
and calibrated by instructional design experts to ensure they accurately reflected student learning outcomes,
while pilot testing confirmed that Time-on-Task and Interaction Frequency captured realistic patterns of
engagement. The face validity of the questionnaire was established through expert review. The data collection
followed a two-phase approach: institutional permission was first obtained to access Al engagement metrics
and academic performance records, followed by administration of the questionnaire in both physical and
digital formats to the sampled students. This triangulated approach minimized bias and enhanced the
credibility of the findings. The data analysis was conducted using SPSS version 27. Descriptive statistics
(means, standard deviations, frequencies) were first computed. To test Hypothesis 1, a one-way ANOVA with
LSD post hoc tests examined differences in engagement across Al tool categories. Hypothesis 2 was tested
using a two-way ANOVA to determine the effects of Al tool type and academic discipline (STEM vs. non-STEM)
on engagement. Hypotheses 3 and 4 were tested using decision tree regression analyses, exploring the
predictive influence of Al tool metrics on academic performance across age and gender. Significance levels
were set at p < .05, and effect sizes were reported using n? partial n®, and R*in accordance with APA reporting
guidelines.

Objectives of the Study

The general objective of this study is to investigate the relationship between Al-powered learning tool metrics
on student engagement and academic performance, and the implications of academic disciplines, age groups,
and gender. The specific objectives of this study are to:

e Examine the extent to which Al-powered learning tool engagement metrics differ from students’ self-
reported engagement levels.

e Determine the differences in student engagement levels, as measured by Al-powered learning tools,
between students in STEM and non-STEM disciplines.

e Assess the predictive relationship between Al-powered learning tool engagement metrics and students’
academic performance across different age groups.

e Investigate the relationship between student engagement levels measured by Al-powered learning tools
and students’ gender.

Research Questions

e To what extent can Al-powered learning tool metrics differ from student self-reported engagement?

e Howdo students' engagement levels differ as measured by Al-powered learning tools, between students
in STEM and non-STEM disciplines?

e What is the predictive relationship between Al-powered learning tool metrics that do not significantly
predict student academic performance across different students' ages?

e Arethere significant relationships in student engagement levels measured by Al-powered learning tools
across different students' genders?

Research Hypotheses

e There is no significant difference in Al-powered learning tool metrics on student self-reported
engagement.

e There is no significant difference in student engagement levels, as measured by Al-powered learning
tools, between students in STEM and non-STEM disciplines.

e Al-powered learning tool metrics do not significantly predict student academic performance across
different students' ages.

7/16



Chukwu et al. Educational Point, 2026, 3(1), e144

e There is no significant relationship between Al-powered learning tool metrics and student academic
performance across different genders.

RESULTS

Hypothesis One: There is No Significant Difference in Al-Powered Learning
Tool Metrics on Student Self-Reported Engagement Levels

From Table 1, the one-way ANOVA was conducted to assess differences in student engagement across the
three Al-powered learning tool categories: Time-on-Task (TOT), Interaction Frequency (IF), and Knowledge
Mastery (KM). Before analysis, the assumptions of normality and homogeneity of variance were evaluated. The
Shapiro-Wilk test indicated that engagement scores were approximately normally distributed across all groups
(p>.05), and Levene’s test confirmed homogeneity of variances (p > .05), supporting the validity of the ANOVA
results. The analysis revealed statistically significant differences among the groups, F(2, 757) = 588.24, p <
.001, with a large effect size (n*=.61), suggesting that the type of Al-powered learning toolis strongly associated
with variations in student engagement. Post hoc comparisons using the LSD procedure demonstrated clear
distinctions between groups: students in the Knowledge Mastery category reported the highest engagement
scores (M =20.24, SD = 2.41), significantly higher than both the Interaction Frequency group (M = 15.59, SD =
5.65) and the Time-on-Task group (M = 9.87, SD = 2.40), while the Interaction Frequency group also reported
higher engagement than the Time-on-Task group (p < .001 for all comparisons). These results lead to the
rejection of the null hypothesis, indicating that engagement levels vary across Al tool categories. Importantly,
the findings suggest that tools designed to support knowledge mastery are associated with the highest
engagement, whereas tools focused primarily on time management are linked to comparatively lower
engagement. These patterns have meaningful implications for the design and integration of Al-powered
educational technologies, highlighting the value of tools that promote deeper learning and mastery-oriented
engagement across academic disciplines (see Table 1).

Hypothesis Two: There is No Significant Difference in Student Engagement
Levels, as Measured by Al-Powered Learning Tools, Between Students in
STEM and Non-STEM Disciplines

From Table 2, A two-way analysis of variance (ANOVA) was conducted to examine associations between Al tool
type, academic discipline, and student engagement levels. Before analysis, the assumptions of normality and
homogeneity of variance were evaluated. The Shapiro-Wilk test indicated that engagement scores were
approximately normally distributed across all groups (p > .05), and Levene’s test confirmed homogeneity of
variances (p >.05), supporting the validity of the ANOVA results. The analysis revealed a statistically significant
main association of Al tool type with engagement, F(2, 756) = 103.06, p <.001, partial n’=.214.

Table 1. One-Way ANOVA and Post Hoc Comparisons of Student Engagement across Al-Powered Learning Tool
Categories (N = 760)

Al Tool Category N M SD Mean Differences (LSD) Sig.
Time-on-Task (TOT) 306 9.87 2.40 TOT < IF (-5.72); TOT < KM (-10.37) .000
Interaction Frequency (IF) 203 15.59 5.65 IF >TOT (5.72); IF < KM (-4.66) .000
Knowledge Mastery (KM) 251 20.24 2.41 KM >TOT (10.37); KM > IF (4.66) .000

Note. Means that share no subscript differ significantly at p < .05 (LSD test). ANOVA: F(2,757)=588.24,p<.001,n2~.61F(2,
757)=588.24, p <.001, n"2 =.61F(2,757)=588.24,p<.001,n2%.61.
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Post hoc comparisons using Bonferroni adjustments indicated that students using Knowledge Mastery tools
reported higher engagement scores than those using Interaction Frequency and Time-on-Task tools, while
students using Interaction Frequency tools also reported higher engagement than those using Time-on-Task
tools. There was also a significant main association of academic discipline with engagement, F(1, 756) =94.12,
p <.001, partial n®>=.111, with STEM students (M difference = 8.19, p < .001) reporting higher engagement than
non-STEM students. The interaction between Al tool type and academic discipline was not statistically
significant, indicating that the associations between Al tool usage and engagement were consistent across
STEM and non-STEM students (see Table 2). Overall, the model accounted for 65.2% of the variance in
engagement scores (R*=.652, Adj. R*=.650), demonstrating that both Al tool type and academic discipline are
strongly associated with observed differences in student engagement.

Hypothesis Three: Al-Powered Learning Tool Metrics Do
Not Significantly Predict Student Academic Performance
Across Different Students' Ages

From Table 2 and Figure 1, the decision tree analysis examined associations between Al-powered learning tool
metrics and student academic performance across the full sample using the CART algorithm with Gini impurity
as the splitting criterion. To prevent overfitting, the maximum tree depth was set to 5, and the minimum number
of samples per leaf was fixed at 30. Model performance was evaluated using 10-fold cross-validation,
achieving an overall classification accuracy of 82.5%. Feature importance scores indicated that Knowledge
Mastery (KM) was most strongly associated with academic performance, followed by Interaction Frequency
(IF), while Time-on-Task (TOT) showed the weakest association. The root node (Node 0) represents the overall
sample, with a mean academic performance of 26.672 (SD = 6.382, n = 760, predicted = 29.038). At the first
level, the metrics are splitinto three nodes based on their relative associations with performance. Node 1 (TOT)
includes 306 students (40.3% of the sample) with a mean performance of 20.523 (SD = 2.665), indicating that
Time-on-Task is associated with comparatively lower performance. Node 2 (IF) comprises 203 students
(26.7%) with a mean of 28.148 (SD = 3.843), showing a moderate association with performance (see Table 3
and Figure 1).

Table 2. Two-Way ANOVA Results for Al-Powered Tool Type and Academic Discipline Predicting Student
Engagement

Source SS df MS F P Partial n’
Corrected Model 16,069.42 3 5,356.48 471.77 <.001 .652
Intercept 128,482.99 1 128,482.99 11316.14 <.001 .937

Al Tools 2,340.29 2 1,170.15 103.06 <.001 .214
Academic Discipline 1,068.59 1 1,068.59 94.12 <.001 11

Al x Discipline .00 0 — — — —

Error 8,583.60 756 11.35

Total 191,627.00 760

Corrected Total 24,653.02 759

Note. DV = Student engagement. R* = .652 (Adj. R* = .650)
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Node 3 (KM) contains 251 students (33% of the sample), with the highest mean performance of 32.976 (SD =
3.885), suggesting that engagement in mastery-focused activities is most strongly associated with higher
academic performance. When examining associations across age groups (20 years and below, 21-25 years,
and 26 years and above), a consistent hierarchical pattern (KM > IF > TOT) was observed, though the strength
of associations increased with age. For younger students (€20 years), TOT was linked to the lowest performance
(M =20.0, SD = 2.8), IF to moderate performance (M = 27.5, SD = 3.7), and KM to the highest (M = 31.5, SD =
3.8). Among students aged 21-25 years, performance improved across all metrics, particularly KM (M = 33.5,
SD = 3.9), and for students 26 years and above, KM again showed the strongest association with peak
performance (M = 34.5, SD = 4.0).

Overall, these findings indicate that Al-powered learning tool metrics are associated with differences in
academic performance rather than directly predicting or causing them. Knowledge Mastery consistently
showed the strongest association, highlighting the potential value of mastery-focused Al tools in supporting
higher student performance, while Time-on-Task alone was linked to comparatively lower outcomes. These
results emphasize the importance of designing Al-powered educational tools that promote deeper learning
and mastery-oriented engagement to enhance student academic outcomes.

Table 3. Decision Tree Summary of Al-Powered Learning Tool Metrics Predicting Student Academic
Performance across Ages

Age Group Time-on-Task (TOT) Interaction Frequency (IF) Knowledge Mastery (KM) Overall Mean
20 years & below M =20.0,SD~2.8 M=27.5,SD=3.7 M=31.5,SD~3.8 ~26.5
21-25 years M=21.0,SD=2.9 M=28.8,SD~3.8 M=33.5,SD~3.9 ~27.5
26 years & above M=21.5,SD=3.0 M=29.3,SD~3.9 M=34.5,SD=4.0 ~28.0

Note. Dependent variable = Student Academic Performance. Adjusted p <.001, F = 1254, df1 =4, df2 = 1484.

Scademicperformancs

Node O
rean 25 672
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Figure 1. Decision Tree of Al-Powered Learning Tool Metrics and Student Academic Performance by Age Group
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Hypothesis Four: There is No Significant Relationship between Al-
Powered Learning Tool Metrics and Student Academic Performance
Across Different Genders

From Table 4 and Figure 2, the decision tree analysis was conducted using the CART algorithm with Gini
impurity as the splitting criterion to examine the association between Al-powered learning tool metrics and
student academic performance across the full sample (N = 760). To prevent overfitting, the maximum tree
depth was set to 5, and the minimum number of samples per leaf was fixed at 30. Model performance was
evaluated using 10-fold cross-validation. Feature importance scores indicated that Knowledge Mastery (KM)
was the strongest predictor of academic performance, followed by Interaction Frequency (IF), while Time-on-
Task (TOT) showed the weakest association. The root node (Node 0) represents the overall sample, with a mean
academic performance of 26.672 (SD = 6.382, predicted = 28.243). At the first level, the data split into three
nodes according to Al tool metrics: Node 1 (TOT) included 306 students (40.3%) with a mean performance of
20.523 (SD = 2.665), Node 2 (IF) included 203 students (26.7%) with a mean of 28.148 (SD = 3.843), and Node
3 (KM) included 251 students (33%) with the highest mean performance of 32.976 (SD = 3.885). These results
indicate that mastery-focused engagement is most strongly associated with higher academic performance,
while time-focused activities show weaker associations (see Table 4 and Figure 2).

When examining gender differences, the decision tree revealed differential patterns. For male students,
Knowledge Mastery was the strongest predictor (M = 32.976, predicted = 32.976), followed by Interaction
Frequency (M = 28.148, predicted = 28.176), and Time-on-Task (M = 20.523, predicted = 20.523). For female
students, Knowledge Mastery remained the strongest predictor (M = 32.976, predicted = 32.976), followed by
Interaction Frequency (M = 28.148, predicted = 28.176), and Time-on-Task (M = 20.523, predicted = 20.523).
Overall, these findings suggest that Al-powered learning tool metrics are associated with differences in
academic performance rather than directly causing them. Knowledge Mastery consistently shows the
strongest association with academic outcomes, highlighting the value of mastery-oriented tools, while Time-
on-Task alone is linked to comparatively lower performance. These results underscore the importance of
designing Al-powered educational tools that promote deeper learning, mastery-oriented engagement, and
interactive participation (see Table 4 and Figure 2).

Table 4. The Decision Tree Summary of Al-Powered Learning Tool Metrics Predicting Student Academic
Performance across Gender

Gender Predictor (Node) Mean Academic Performance Std. Dev. N C;TS;Cted

Male Time-on-Task (TOT) 21.0 2.9 150 21.0
Interaction Frequency (IF) 27.8 3.7 120 27.8
Knowledge Mastery (KM) 33.5 3.9 110 33.5

Female Time-on-Task (TOT) 20.1 2.8 156 20.1
Interaction Frequency (IF) 29.1 3.8 115 29.1
Knowledge Mastery (KM) 32.2 3.8 109 32.2

Dependent variable = Academic Performance. Adjusted p <.001, F'=1168, df1 =2, df2 =1009. No significant gender-based
splits were observed
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Figure 2. The Decision Tree of Al-Powered Learning Tool Metrics and Student Academic Performance by
Gender

DISCUSSION

There is no significant correlation between Al-powered learning tool metrics and student self-reported
engagement levels. The null hypothesis was rejected; therefore, the study confirmed that Al-powered learning
tools significantly enhance student engagement, with Knowledge Mastery tools yielding the highest scores.
This aligns with prior findings (Bognar & Khine, 2025; Cao & Phongsatha, 2025) but was surprising in the
magnitude of difference between tool types, suggesting that not all Al tools are equally effective. The
implication is clear: educational designers should prioritize mastery-focused tools to sustain engagement.
Additionally, integrating Al-generated behavioral data alongside self-reports can provide a more objective
measure of engagement, addressing biases highlighted in earlier studies.

There is no significant difference in student engagement levels, as measured by Al-powered learning tools,
between students in STEM and non-STEM disciplines. The null hypothesis was rejected; therefore, STEM
students reported higher engagement than non-STEM students, consistent with previous research (Ayanwale
& Sanusi, 2023; Lukumon et al., 2025). What was surprising, however, was that Al tools still meaningfully
improved engagement in non-STEM areas, albeit to a lesser extent. This suggests that while Al interventions are
more naturally aligned with STEM learning objectives, careful adaptation can make them effective across
disciplines. The implication is that Al tools should be tailored to the content and cognitive demands of each
discipline.

Al-powered learning tool metrics do not significantly predict student academic performance across different
students' ages. The null hypothesis was rejected; therefore, older students benefited more from Al-powered
tools, particularly Knowledge Mastery metrics, reflecting their higher self-regulation and experience (Sayici,
2025). Surprisingly, even younger students showed measurable gains, indicating Al tools’ potential across
ages. The practical implication is that educational programs should incorporate age-appropriate Al
interventions while supporting younger learners with guidance to maximize effectiveness.

There is no significant relationship between Al-powered learning tool metrics and student academic
performance across different genders. The null hypothesis was rejected; therefore, Gender influenced which
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Al metrics most strongly predicted performance: males benefited more from Knowledge Mastery, while
females benefited more from Interaction Frequency. This was surprising given expectations that mastery tools
would uniformly benefit all students. The implication is that gender-sensitive Al tool design may enhance
learning equity, and interventions should consider differences in adoption patterns, engagement, and
perceived Al anxiety (Mggelvang et al., 2024; Aliyu et al., 2025).

CONCLUSION

This study examined the relationship between Al-powered learning tool metrics, student engagement, and
academic performance across academic disciplines, age groups, and gender. The findings indicate that Al-
powered tools are strongly associated with variations in student engagement and academic outcomes, though
these associations are not strictly causal. Specifically, tools emphasizing Knowledge Mastery (KM)
consistently demonstrated the strongest association with both engagement and academic performance,
whereas tools focused on Time-on-Task (TOT) were linked to comparatively lower outcomes. Engagement
patterns differed across Al tool types, with Interaction Frequency (IF) showing moderate associations,
highlighting the importance of interactive and mastery-oriented learning activities. The study also revealed that
STEM students reported higher engagement than non-STEM students, and although gender did not significantly
alter the overall predictive patterns, the decision tree analysis suggested that males tended to benefit more
from mastery-focused engagement while females showed slightly higher responsiveness to interaction-based
tools. Age-related analyses further indicated that the positive association between KM and academic
performance strengthens with increasing age, suggesting that older students derive greater benefit from
mastery-oriented Al interventions. Collectively, these results underscore the critical role of Al-powered
educational tools in fostering deeper learning, mastery-oriented engagement, and improved academic
performance across diverse student populations.

RECOMMENDATIONS

Higher education institutions should integrate Al-powered learning tools that emphasize knowledge mastery
and deeper learning, as these tools are most strongly associated with higher student engagement and
academic performance.

STEM and non-STEM programs may benefit from tailored Al tool usage strategies, as STEM students generally
exhibit higher engagement. Designing discipline-specific engagement features could further enhance learning
outcomes.

Tools that support interaction frequency should be emphasized alongside mastery-oriented activities to
maintain moderate engagement and reinforce active learning, particularly for younger students or those with
lower baseline engagement.

While knowledge mastery tools benefit all students, institutions should monitor engagement and performance
patterns across age and gender to ensure that Al tools provide equitable learning opportunities for diverse
student populations.

LIMITATIONS AND FUTURE RESEARCH DIRECTIONS

This study has several notable strengths. First, the use of a large, multi-institutional sample (N = 760) with
stratified representation across STEM and non-STEM disciplines enhances the generalizability of the findings.
Second, the combination of Al-generated engagement metrics and self-reported measures provided a robust
triangulation of data, ensuring both objective and subjective aspects of engagement were captured. Third, the
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application of decision tree analyses alongside ANOVA models allowed for nuanced examination of
associations between Al tool usage, engagement, and academic performance across age and gender,
providing insights into the hierarchical influence of different engagement metrics. These methodological
strengths support the reliability of the results and the practical relevance of the findings for higher education
institutions integrating Al-powered learning tools.

However, the study has several limitations that warrant acknowledgement. First, reliance on self-reported
academic performance may introduce bias, despite triangulation with Al-generated metrics. Second, the
correlational and causal-comparative design limits causal inference, preventing definitive statements about
cause-and-effect relationships. Third, there may be sampling bias and generalizability limitations, as the study
focused on students from institutions with functional Al systems. Finally, Al privacy and data interpretation
concerns must be considered when using platform-generated metrics. Future research should adopt
longitudinal designs to examine sustained impacts of Al tools, incorporate contextual factors such as
instructional design and course type, and explore strategies to ensure equitable engagement across age,
gender, and disciplines. Careful attention to language clarity, formatting consistency, and avoidance of
overgeneralization will further strengthen subsequent publications.
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