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Annotation (Abstract): This article examines how learning analytics (LA) can be used
to operationalize personalized learning in real classroom conditions through the lens of Self-
Determination Theory (SDT). Drawing on international research, it synthesizes how LA
supports personalization by enabling scalable diagnosis of learners’ needs, informing
adaptive instructional support, and improving the timeliness and specificity of formative
feedback. At the same time, the review highlights recurring implementation barriers,
particularly the difficulty of translating dashboard indicators into feasible instructional
actions, as well as the ethical and governance requirements associated with collecting and
processing learner data. Using SDT as a guiding framework, the paper discusses how LA-
enabled personalization can strengthen competence through mastery-oriented guidance, while
potentially undermining autonomy and relatedness when personalization becomes overly
performance-driven or surveillance-like and when social learning opportunities are reduced.
To address these tensions, the article proposes an SDT-aligned implementation pathway that
links pedagogical purpose, responsible data use, interpretable insights, actionable
instructional options, and iterative refinement based on both learning outcomes and learner
experience. The paper concludes that LA can make personalization more effective and
humane when analytics is pedagogically aligned, ethically governed, and designed to protect
students’ psychological needs alongside academic goals.
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Personalized learning, which modifies speed, material, and teaching strategies to better
match education to students' needs, interests, and talents, is frequently promoted as a useful
solution to classroom diversity [5]. By facilitating deeper conceptual understanding and
taking individual differences into account, it can improve academic performance and
engagement when used carefully [13].

It can also foster learner agency by encouraging students to assume greater
responsibility for their learning and to engage in self-directed study [8]. Moreover, by
providing targeted assistance for students who require additional support or experience
learning difficulties, personalized learning has the potential to reduce educational inequities
[1]. Unlike conventional “one-size-fits-all” models—often criticized for limiting teachers’
capacity to recognize and respond to each learner’s needs and talents [12]—personalized
learning emphasizes instruction, assessment, and task design that are responsive to learners’
characteristics. For these reasons, it has become increasingly prevalent across schools and
higher education institutions [9,19].

At the same time, the growing enthusiasm for personalized learning has generated a
more nuanced debate regarding whether its benefits are universally realized. Some critics
contend that a strong emphasis on measurable performance within personalized learning
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environments may undermine students’ psychological well-being, particularly by weakening
their sense of autonomy and relatedness. From the perspective of self-determination theory,
learners’ well-being depends on experiencing competence, autonomy, and relatedness [7]. A
potential risk arises when numerical indicators and performance targets dominate, thereby
diminishing the intrinsic value of learning as a process. In such contexts, students may
prioritize achieving performance goals to satisfy teachers rather than developing a
meaningful understanding of learning itself [18,4]. In addition, highly individualized learning
pathways may unintentionally marginalize the social dimensions of learning. Classroom-
based research highlights the importance of collaboration, teamwork, and communication—
elements that can be reduced or overlooked in some personalized learning systems. Limited
verbal interaction and insufficient attention to learners’ need for relatedness may therefore
constrain these systems, challenging the assumption that personalized learning automatically
includes all components of a rich and dynamic learning experience [15]. Collectively, these
perspectives point to the need to identify the conditions under which personalized learning is
most effective, as well as the pitfalls that may hinder its success.

Effective personalized learning typically involves: (1) systematic collection of data on
learners’ progress, strengths, and weaknesses across subject areas; (2) adaptation of learning
materials and assessments to match individual needs; and (3) provision of tailored feedback
to each learner. Because contemporary curricula often combine individual assessment with
collaborative tasks such as group projects, there is an even greater need for personalized
guidance from teachers. However, personalized learning is resource-intensive, requiring
substantial time and human capacity. Evidence suggests that teachers spend, on average, only
46% of their working hours in the classroom [10], and classes average a teacher-to-student
ratio of approximately 1:15.3 [3]. These constraints limit teachers’ ability to continuously
monitor each learner and to personalize instruction effectively. Under time pressure, teachers
may resort to whole-class instruction, which can create gaps in differentiated teaching, reduce
the timeliness and depth of feedback, and leave students uncertain about how and where to
improve. To address these limitations, there is a need for systems that can analyze student
data, generate actionable feedback, support differentiated instruction, and assist teachers’
instructional decision-making in everyday classroom practice. Learning analytics (LA)
represents a promising approach to meeting these needs.

In this context, LA can be particularly valuable because it enables rapid diagnosis of
learners’ strengths and weaknesses, supports ongoing progress monitoring, facilitates
automated adaptation of learning resources and assessments, and provides timely feedback.
Teacher feedback may sometimes be influenced by subjective impressions and prior
experiences; LA can complement this by offering data-informed insights that increase
objectivity. Furthermore, LA can capture indicators of participation and performance within
group work, thereby informing feedback that reflects both individual and collaborative
learning processes.

Learning analytics involves the measurement, collection, analysis, and interpretation of
data about learners and their learning contexts with the aim of improving educational
outcomes [6]. Over the last decade, LA has substantially advanced educational research and
practice by leveraging large-scale data to better understand dimensions of learning such as
engagement, behavior, and performance. These insights have strengthened the capacity to
provide timely support and feedback to both learners and teachers [14]. LA has also been
associated with promoting student self-regulation, reinforcing learning habits, and supporting
positive learning behaviors that can enhance educational experiences over time [11].
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Overall, LA aligns closely with the goals of personalized learning because it can track
online learning behaviors comprehensively and support the automated development or
adjustment of digital learning resources. Although a substantial body of research has
investigated LA for designing learning activities and increasing engagement, comparatively
fewer studies have focused on how LA can specifically enable personalized learning [14].
This study addresses that gap by examining how LA can support personalized learning and
by identifying the challenges associated with its implementation.

Theoretical Background
It is ideal to think of learning analytics-enabled personalization as a move toward

evidence-based instruction, where choices regarding learning paths, support, and pace are
informed by teacher judgment and student data, rather than as a "tool upgrade." The term
"learning analytics" (LA) refers to the process of gathering, analyzing, interpreting, and
disseminating information on students and their learning in order to produce useful insights
that improve instruction and learning [6]. LA can promote individualized instruction and
timely feedback in personalized learning situations, and it can assist teachers in identifying
patterns in task performance, engagement, and progress that are challenging to monitor
consistently in real time, particularly in large classes [14]. However, analytics does not
inherently enhance learning; rather, its usefulness is contingent upon whether the results are
comprehensible, reliable, and converted into practical educational action. Teachers frequently
require significant direction to translate dashboard signals into instructional actions,
according to data from classroom studies of teacher dashboards [11].

Self-Determination Theory (SDT) is used as a conceptual lens in this article to analyze
both opportunities and hazards. SDT contends that when three fundamental psychological
needs are met—competence (feeling capable), autonomy (feeling agency and choice), and
relatedness (feeling connected to others)—students are more likely to flourish [7]. When
analytics is presented as surveillance, becomes unduly performance-driven, or eliminates
opportunities for meaningful connection, it might jeopardize autonomy and relatedness.
However, LA can also promote competence by elucidating progress and indicating areas
where specific scaffolding is required. Since classroom relationships, teacher judgment, and
the values ingrained in design and governance decisions are just as important as data and
algorithms, LA-enabled personalization should be viewed as a sociotechnical practice.

Evidence Synthesis: What LA Contributes to Personalized Learning
Across international studies, LA most often supports personalized learning through a

recurring instructional cycle. First, it strengthens diagnosis by making learner patterns visible
(progress, engagement, misconceptions). Second, it supports adaptation by informing
differentiated instruction and, in some settings, driving recommendations or sequencing of
resources. Third, it accelerates feedback, helping teachers and students act sooner and more
precisely to improve learning [14]. Importantly, personalization should not be reduced to
individualized pathways alone. When learning goals include collaboration and
communication, LA can also support group-aware personalization by making participation
and contribution patterns visible, which can help sustain the social dimension of learning
instead of weakening it [15].

Table 1. LA support for personalized learning (concise overview)
LA focus What it supports Key risk to manage
Progress &

diagnostic insight
Differentiation

decisions; identifying who
needs what support and
when

Misleading “surface”
metrics; false certainty if
data are incomplete [11]
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Adaptive support &
feedback

Timely, targeted
guidance; suggested next
steps; coaching-oriented
feedback

Metric-chasing and
over-control that can
reduce autonomy [7]

Collaboration-aware
analytics

Visibility into
participation and group
dynamics to protect
relatedness

Reducing complex
interaction to simplistic
indicators [15]

Challenges and Conditions for Effective Implementation
Despite strong potential, LA-enabled personalization often weakens at the point where

analytics must be translated into action. Teachers frequently receive dashboards, warnings,
and summary indications, but these outputs don't adequately address the real-world dilemma
they deal with on a daily basis: "What should I do next, with whom, and how?" Teachers may
find it difficult to determine if a pattern indicates a transient fluctuation, a persistent
misperception, low engagement, or outside limitations (such as absence, device access, or
assessment time) when dashboards display trends without instructional advice. Because of
this, analytics can continue to be descriptive rather than educational, providing information
about what transpired but not assisting in making decisions about how to react.

Lack of time and professional ability to incorporate analytics into real-time instruction
is a common obstacle. Before making a pedagogical decision, teachers might need to
compare dashboard data with student work, curricular goals, and observations from the
classroom. However, this interpretation process necessitates training and preparation time
that may not be available. Furthermore, dashboards frequently compile data at a level too
broad (such as "low engagement" or "at-risk") to direct focused intervention. Teachers may
be reluctant to take action if there are unclear thresholds, justifications, or suggested courses
of action because they are uncertain about the validity or significance of an alert. Hence,
classroom research on dashboards that teachers face highlights that "actionability" is not
assured by the dashboard itself; rather, it depends on how well the analytics match
pedagogical objectives, how interpretable the indicators are, and how feasible it is for
teachers to incorporate them into lesson planning and on-the-fly instructional decisions [11].
In actuality, actionability usually rises when analytics are directly linked to particular
teaching options (e.g., reteaching a concept, changing grouping, giving a different task, or
starting a brief conference) and when teachers are encouraged to use data as part of their daily
routine rather than as an extra burden.

An Implementation Pathway for SDT-Aligned LA Personalization

To make learning analytics (LA) useful for personalization in real classrooms, it should
be implemented as a structured pathway that connects data to instructional decisions rather
than functioning as an additional reporting layer. The key premise is that analytics adds value
only when it supports a specific teaching decision—such as identifying who needs extra
scaffolding, who is ready for enrichment, or how to reorganize groups—within the time
constraints of everyday lessons.

The pathway begins with a clearly defined pedagogical purpose and success criteria.
Instead of treating “higher performance” as the sole objective, teachers specify instructional
goals (e.g., mastery of a concept, improved participation, or better quality of collaboration)
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and determine what evidence would indicate progress toward those goals. This step ensures
that data collection is guided by instructional intent.

Next, LA should rely on a minimal and transparent set of indicators. The goal is not
oversimplification, but usability: indicators should be interpretable and closely tied to
learning tasks (e.g., recurring error patterns, changes in engagement across activities, or
uneven contribution in group work). Limiting indicators also reduces cognitive overload and
supports responsible data practices.

Third, analytics outputs should be designed for interpretability, not only prediction.
Teachers are more likely to act when signals explain what is happening and why—for
example, identifying a prerequisite skill gap rather than issuing a vague “at-risk” flag.
Interpretable insights help teachers judge whether a signal reflects a persistent learning issue
or a temporary fluctuation.

The central step is translating insights into a small set of actionable instructional
options that teachers can realistically implement. Rather than presenting numerous alerts, the
pathway should support a manageable “menu” of responses: reteach a concept with an
alternative explanation, scaffold with guided practice, provide enrichment, regroup students
strategically, or conduct a brief micro-conference. This translation layer is essential because
personalization succeeds only when teachers can move from evidence to action.

In order to maintain personalization as supporting rather than controlling, Self-
Determination Theory (SDT) is then used as a quality check. Interventions should preserve
relatedness by promoting conversation and peer engagement, preserve autonomy by
providing meaningful choices and avoiding surveillance-like monitoring, and develop
competence through mastery-oriented feedback and clear next steps. According to this
perspective, analytics fosters connections by bringing learning demands into the open and
facilitating discussion.

The process concludes with assessment and improvement. Implementation should take
into account learners' experiences of agency and participation in addition to learning
outcomes, utilizing quick check-ins or reflections when practical. Both instructional tactics
and the analytics signals that inform them should be improved as a result of the results. All
things considered, this SDT-aligned approach presents LA-enabled customisation as a
teachable, iterative process that is both practical for educators and inspiring for learners
[14,7].

7. Conclusion
By making patterns of progress, engagement, and difficulty evident at scale and by

facilitating more timely, focused instructional help than observation alone can usually
provide, learning analytics (LA) has the potential to significantly improve individualized
learning. Analytics can help teachers better respond to the needs of their students, enhance
formative feedback cycles, and improve differentiation decisions when it is based on clear
pedagogical goals. However, successful personalization shouldn't break down into discrete
individual routes; LA is most useful when it facilitates collaborative learning by highlighting
participation and interaction patterns and allowing for improvement in ways that preserve
relatedness. The evidence compiled here indicates that the success of implementation is more
dependent on whether analytics outputs are routinely translated into workable classroom
actions through professional learning, workflow-aligned supports, and teacher capacity than it
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is on how sophisticated dashboards are. In order to maintain trust and keep analytics from
turning into surveillance-oriented monitoring, ethical governance is equally important.
Transparency, data minimization, and accountable access practices are required. Therefore,
SDT-aligned LA designs should be tested in real-world classroom settings in future research,
assessing students' experiences of competence, autonomy, and relatedness over time in
addition to achievement and engagement [16].
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