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ABSTRACT

With the rapid development of information technology and the background of
digital transformation in education, online courses have expanded beyond higher
education to diverse scenarios such as vocational training and lifelong learning,
becoming a crucial form of educational organization. Driven by the massive
popularization of online education, Al Learning Analytics tools that integrate
behavioral data and artificial intelligence have emerged as crucial technologies for
supporting personalized instruction and enhancing learning performance. In online
courses that require cameras to be turned on (camera-on context), Al learning analytics
based on computer vision algorithm can analyze student engagement in real-time and
provide feedback. However, while technology enhances learning efficiency, it also
introduces a significant sense of "being monitored.” Current practices indicate that
although Al can provide immediate feedback on learning progress and improve
performance, students may develop resistance due to the perceived continuous
algorithmic surveillance, which can affect their long-term willingness to reuse the tool
or platform.

Given the potential dual nature of Al tools in educational applications, it is
essential to explore the comprehensive impact on both learning performance and
platform reuse intention. Through a review of existing literature, we find that current
research predominantly focuses on validating the positive effects of Al tools on
learning outcomes or discussing privacy concerns in isolation. Few scholars examine
the trade-off between "performance” and "reuse intention" within an integrated
framework, and there is a lack of in-depth discussion on how specific feedback forms
(such as " Learning Moment", a learning analitic that provide behavioral screenshot as
feedback) and contextual factors (such as class size) moderate this trade-off.

In response to these practical realities and research gaps, this paper integrated core
perspectives from privacy calculus theory and self-determination theory, combined
with feedback intervention theory and social impact theory, to construct a theoretical
model linking Al learning analytics, perceived surveillance, and student behavioral
outcomes. Data were collected through three progressive online simulated experiments,

with results supporting most hypotheses. Key findings include: (1) The Al learning



feedback tool (dashboard) exhibits a dual effect: while it improves learning
performances by heightening students’ perceived surveillance, this same perception
significantly reduces their intention to reuse the platform. (2) The enhanced feedback
tool "Learning Moment" (screenshot feedback from highlight moments) produced a
counterproductive effect: compared to the standard Al dashboard tool, this feature
weakened the positive impact of perceived surveillance on academic performance,
increased students' psychological pressure, and ultimately led to a decline rather than
an improvement in learning performance. (3) Class size had a significant moderating
effect: compared to one-on-one class, one-to-many setting alleviated the negative
impact of perceived surveillance on platform reuse intention by dispersing social
pressure and increasing anonymity, while also strengthening the positive effect of
perceived surveillance on learning performance.

This study offers valuable insights for both theory and practice. Theoretically, first,
it dialectically reveals the potential conflict between efficiency and experience in the
application of Al learning analytics, explaining how perceived surveillance
differentially affects short-term performance and long-term retention. Second, by
measuring the impact of "Learning Moment" function, it clarifies the boundary
conditions of intervention, finding that overly intrusive visual feedback may produce
counterproductive negative effects. Third, it extends social impact theory to human-
computer interaction contexts, confirming the effectiveness of class size as a social-
contextual factor in moderating algorithmic pressure. Practically, this study suggests
that online education platforms should carefully balance the depth of feedback when
designing Al features, avoiding excessively explicit feedback methods (e.g.,
screenshots) to prevent triggering user surveillance perceptions and subsequent
resistance. Meanwhile, educational administrators can leverage group effects by
optimizing class size settings to mitigate the psychological pressure Al technology
imposes on individuals, thereby maintaining teaching quality while preserving
students' sustained learning motivation.
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