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Abstract

Learning analytics (LA) uses data to understand
and optimize learning. This article investigates how
data from a digital reading tool, reading packages,
can function as both a formative assessment
mechanism and a source for learning analytics. An
intervention study with elementary school students
was conducted to track engagement with digital
reading packages. Data on task completion times and
interaction with feedback functions (e.g., "skip,"
"second attempt") were collected and analyzed. Initial
findings revealed that a 'skip' button, intended to
reduce frustration, was potentially encouraging
students to avoid challenging content. Based on this
diagnostic analysis, a clear prescriptive action was
identified: modifying the platform by removing the
skip button. This study demonstrates a practical LA
cycle where student interaction data is used for
diagnostic purposes to inform evidence-based
platform refinement. It illustrates how a data-driven
feedback loop can be created to guide improvements
aimed at enhancing the efficacy of the learning tool
itself.

1. Introduction

The proliferation of digital learning environments
has created unprecedented opportunities to collect
data on student learning processes. Learning
Analytics (LA) has emerged as a powerful field
focused on using data from learners to understand and
optimize their learning and the environments in which
it occurs [18]. By applying data-driven methods,
educators can move from generalized instruction to
personalized learning pathways, identify at-risk
students earlier, and continuously refine the
educational tools they use.

However, the effective implementation of LA
requires more than just data collection; it demands a
clear connection between the data gathered and
pedagogical goals. Digital learning tools, such as the
interactive reading packages [LesePfad; 9], are rich
sources of such data. They function not only as
instructional materials but also as formative
assessment tools that generate a constant stream of
information about student behavior, from time spend
on a text to problem-solving strategies revealed

through button clicks [15].

The primary objective of this article is to
demonstrate a practical application of the learning
analytics cycle. The study explores how student
interaction data from the reading packages can be
used to diagnose learning behaviors, inform
pedagogical interventions, and drive evidence-based
improvements to the digital platform itself.
Specifically, this paper addresses the following
questions:

What patterns of student engagement emerge from
interaction data (e.g., reading time, button usage)
within the learning platform of the reading packages?

How can this data be used to diagnose potential issues
in platform design and student learning strategies?

How can this diagnostic analysis inform evidence-
based improvements to the learning platform?

By analyzing the results of an intervention study,
this paper illustrates how learning analytics can

"close the loop"[6],

turning raw data into actionable insights that benefit
both learners and learning environment designers.

2. Literature Review

Learning Analytics (LA) is formally defined as
“the measurement, collection, analysis and reporting
of data about learners and their contexts, for purposes
of understanding and optimizing learning and the
environments in which it occurs” [18, p. 33]. At its
core, the purpose of LA is to use data to make
invisible learning patterns visible. Its importance in
modern education is growing rapidly, as it provides a
methodology for improving learning outcomes,
enabling personalized education at scale, and refining
the digital tools students use every day. As a field, LA
encompasses a wide range of applications. For
example, a key use is providing real-time feedback to
both students and teachers by tracking digital
interactions to predict performance and identify at-
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risk students, allowing for early and targeted
intervention before they fall behind [11].

2.1. Foundational Educational Theory:
Learning from Experience and Reflection

Before detailing the technical processes of
learning analytics, it is crucial to ground them in
foundational educational theory. The concept of an
iterative learning cycle is not new; it is deeply rooted
in theories of experiential and reflective learning.

A landmark paper in education, Assessment and
classroom learning by Black and Wiliam [3] presents
a powerful case for the importance of formative
assessment—the practice of assessing students during
the learning process to provide feedback and adjust
teaching. After reviewing hundreds of studies, the
authors concluded that effective formative assessment
practices (like providing constructive feedback,
encouraging self-assessment, and using assessments
to adapt instruction) lead to significant and often
substantial learning gains. This work is foundational
to the modern "assessment for learning" movement.

A foundational document by the Organisation for
Economic Co-Operation and Development (OECD)
[16], defines formative assessment as a central
element of effective teaching and learning. It is not
about grading but about generating feedback to
modify and improve the learning process itself. The
key idea is that assessment and teaching are
intertwined. Formative assessment involves teachers,
students, or peers providing information about student
understanding to guide future learning steps. This
report emphasizes that for assessment to be truly
formative, the feedback must be used to adapt
teaching strategies and help students become more
autonomous learners by understanding their own
progress and how to improve.

To translate these principles into action, Wylie's
[20] report, Formative assessment examples of
practice, serves as a practical guide for educators
published by the Council of Chief State School
Officers. Unlike a theoretical research paper, its main
purpose is to provide concrete, real-world examples
of how to implement formative assessment in the
classroom. The principles of formative assessment—
providing feedback, adapting instruction, and
empowering student autonomy—are central to what
educators hope to achieve with modern technology.
Kollom et al. [13] found in a cross-country analysis
that academic staff's primary expectation for learning
analytics is precisely this: to better support their
teaching by identifying struggling students early and
understanding their engagement. This shows a clear
demand from educators for tools that facilitate
formative practices.

This aligns with emerging branches of LA
designed to directly support the learner. For instance,
Heilala's [10] work on "student agency analytics"
focuses on providing students with data about their
own learning patterns. This directly serves the

formative goal of making students more autonomous
learners, as they can use these insights to self-reflect
and regulate their study strategies.

Furthermore, Shum and Ferguson [17] extend
these ideas into collaborative settings with Social
Learning Analytics. Their approach uses data from
student interactions not for grading, but to provide
formative feedback on the process of collaboration
itself. This allows instructors to understand how
knowledge is being co-constructed and intervene to
improve group dynamics, perfectly illustrating how
analytics can make the invisible processes of social
learning visible for formative purposes.

David Kolb's [12] Experiential Learning Theory
provides a direct pedagogical ancestor to the modern
LA cycle. Kolb proposed a four-stage cycle of
learning: 1. Concrete Experience (doing something),
2. Reflective Observation (reviewing or reflecting on
the experience), 3. Abstract Conceptualization
(concluding or learning from the experience), and 4.
Active Experimentation (planning or trying out what
you have learned). This cyclical process of doing,
reflecting, thinking, and trying forms the theoretical
bedrock for data-driven optimization. This model
mirrors the core purpose of the LA cycle, where data
analysis prompts educators and learners to reflect on
learning events and modify their strategies
accordingly. This theory establishes that effective
learning is an active, cyclical process of action and
reflection—a principle that learning analytics aims to
support and accelerate with data.

2.2. Learning Analytics Life Cycle

At the heart of applying learning analytics is the
Learning Analytics Cycle, a conceptual process that
translates learner data into actionable improvements.
While several models exist, such as Campbell and
Oblinger's [5] five-step framework (Capture, Report,
Predict, Act, Refine), a particularly influential model
is the four-step cycle proposed by Clow [6]. This
framework conceptualizes the process as follows:

i. Learners generate data through their interactions
within a learning environment.

ii. This data is collected and analyzed to produce
metrics, analytics, or visualizations.

iii. These outputs are fed back to learners or educators
through interventions.

iv. This final step "closes the loop," impacting the
learning process and leading back to the
generation of new data.

This is not a single, linear event but an iterative
process designed for continuous optimization. This
process is often visualized as a cycle, as illustrated in
Figure 1. In this cycle, each stage is essential:

Data Generation: Learners produce data through their
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interactions with a learning environment. In the
context of this study, this occurs when students use the
digital reading packages (LesePfad) on the Levumi
platform [14].
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Figure 1. The Learning Analytics Cycle.

The model in Figure 1 illustrates the iterative
process of data generation, tracking, analysis, and
action used to optimize learning (Author's own
creation).

Data Tracking and Analysis: The platform collects
and analyzes this interaction data to identify patterns
in student behavior.

Action: The insights from the analysis inform
interventions. These actions can be taken by educators
(e.g., providing targeted support to a student) or by
developers (e.g., modifying the platform itself),
leading to an improved learning environment and the
generation of new data.

The present study is designed to enact one full
iteration of this cycle. However, the effectiveness of
this entire cycle hinges on the quality and nature of the
data generated in the first step. Gasevi¢, Dawson, and
Siemens [7] offer a crucial caution, arguing that for
LA to be truly about learning, it must move beyond
easily captured metrics like clicks and login times.
They stress the importance of collecting
pedagogically meaningful data—information that is
grounded in learning theory and reflects the
underlying cognitive and metacognitive processes of
the learner.

The presented study addresses this challenge
directly, as the digital reading packages are
intentionally designed to capture data that offers
insight into the learning process itself. For example,
rather than simply tracking task completion, it
monitors indicators of task persistence (e.g., use of a
'second attempt' button) and reading strategies (e.g.,
use of a 'repeated reading' function to revisit the text).
This focus ensures that the subsequent analysis and
interventions are grounded in a deeper understanding
of student behavior, making the feedback loop more
effective.

2.3. Four Types of Learning Analytics

The outcomes of the LA cycle are often

categorized into four types, each answering a
progressively more complex question.

Descriptive Analytics answers "What happened?"
It summarizes past data to provide a snapshot of
learning. The most common examples are learning
dashboards that visualize student quiz scores or
activity levels [19].

Diagnostic Analytics asks "Why did it happen?"
This involves drilling down into descriptive data to
understand the root causes of a phenomenon, such as
analyzing why a specific group of students
consistently failed a particular quiz question.

Predictive Analytics seeks to determine "What
will happen?" It uses historical data to forecast future
outcomes. A classic example is the "Course Signals"
project at Purdue, which used student data to predict
in real-time which students were at risk of failing,
allowing for early intervention [1].

Prescriptive Analytics provides an answer to
"What should be done?" This is the most advanced
stage, where the system provides automated
recommendations or interventions. This can involve
suggesting specific resources to a struggling student
or guiding them on what actions to take next to
improve their learning [4].

While all four types are valuable, this study
focuses primarily on using descriptive and diagnostic
analytics (analyzing button clicks and reading times)
to inform prescriptive actions (making concrete
improvements to the reading packages).

3. Methodology

This section outlines the research design,
participants, materials, and procedures used in the
study to evaluate the impact and usage of the digital
reading packages.

3.1. Research Design

This study employed a descriptive analysis of user
interaction data collected during a four-week
educational intervention. Elementary school students
in an intervention group engaged with digital reading
packages on tablets approximately three times per
week during regular class sessions. The analysis
presented in this paper focuses specifically on the
interaction data (e.g., button usage, time on task)
generated on the Levumi platform to understand
student engagement and inform platform refinement.

3.2. Materials and Instruments

The primary instrument for the intervention was
the digital reading packages, integrated into a learning
platform to enhance reading comprehension for
elementary school students, with a primary focus on
Grade 3. The content consists of eleven distinct
packages, each containing literary texts and
accompanying exercises. The reading exercises were
comprehension questions aligned to the texts. To cater

Copyright © 2025, Infonomics Society | DOI: 10.20533/ijds.2040.2570.2025.0248 1994



International Journal of Digital Society (IJDS), Volume 16, Issue 1, 2025

to diverse learning needs, the packages were offered
at three adaptive digital ability levels, ensuring that
students were presented with appropriately
challenging material. While the narrative text
remained the same across levels, the difficulty of the
vocabulary and the complexity of the accompanying
comprehension exercises were adjusted to fit each
level. This design choice was crucial, as keeping the
core narrative consistent allowed the entire class to
participate in shared activities, such as introductions
and group discussions, regardless of their individual
reading levels. The reading packages contain topics
and interests of elementary school students, and the
difficulty was aligned with the LIX [2] as well as
common exercise practices.

As illustrated in the Figure 2 below, each of the
eleven packages is structured to build foundational
literacy skills by combining literary texts with
corresponding reading exercises. This integrated
approach is designed to foster primarily reading
comprehension, and secondary reading fluency, and
the use of effective strategies (such as the w-
questions) for reading comprehension.

N

po Reading Packages | E—

Figure 2. The digital reading packages [8]

The core design principle of the packages is to
facilitate formative assessment. The platform
provides students with immediate feedback on their
performance and includes several interactive features
designed to support learning and generate valuable
analytics data:

Second Attempt Button: This feature encouraged
persistence by allowing students to retry an exercise
after an incorrect answer.

Repeated Reading Button: This allowed students to
navigate back to the literary text at any point during
the exercises, promoting the key comprehension
strategy of revisiting a source text to find or confirm
information.

Reveal Solution Button: After multiple attempts, this
option provided the correct answer, preventing
excessive frustration and creating a learning
opportunity.

Skip Exercise Button: This feature allowed students to
bypass a particularly difficult question to maintain
momentum, though its impact on learning was a key

focus of our analysis.

Check Button: students were able to check their
answers.

4. Results

The study collected data on student interaction
with the digital reading packages, including reading
times and the use of interactive buttons. A total of 58
students were included in this analysis.

4.1. Reading Time and Platform Interaction
The average time spent on the initial reading of the
literary texts varied across the three adaptive ability

levels. As shown in Table 1, studentsin Level 2 had

Table 1. Average Reading Time per Ability Level

Level 1 (N=4) Level2(N=15) Level3 (N=39)

2.68 minutes 2.82 minutes 1.86 minutes

the longest average reading time at 2.82 minutes,
followed by Level 1 at 2.68 minutes. Students in Level
3 had the shortest average reading time at 1.86

minutes.
4.2. Feature Usage

Analysis of the button usage data (Table 2) reveals
patterns of student engagement. All 58 students used

the "Second Attempt" and "Reveal Solution" features.

Table 2. Button Usage

Repeated Skip Second  Reveal
N=58 Reading Exercise Attempt Solution
students
who used 33 39 58 58
4.40 25.79 30.74 146.88
M (SD) (9.41) (38.12) (19.17)  (41.61)

Note: M = Mean, SD = Standard Deviation

The "repeated reading" function was used by 33
students (57%), with an average of 4.40 uses among
those students. The "skip-button" was used by 39
students (67%), with a high average of 25.79 uses.
The extremely high standard deviation for the 'skip-
button' (SD=38.12) is particularly noteworthy, as it
suggests that while the mean usage was high,
individual student behavior varied dramatically.

5. Discussion

The results of this study offer valuable insights
into how learning analytics can be practically applied
within a digital reading environment to understand
and enhance student learning. The analysis of
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interaction data from the reading packages and the
platform  (Levumi) moves beyond simple
performance metrics, providing a rich, diagnostic
view of student engagement and strategy use.

5.1. Student Persistence and Strategy Use

The finding that 100% of students used the
"Second Attempt" and "Reveal Solution" buttons
(Table 2) is a strong indicator of both student
persistence and the platform's ability to function as a
formative assessment tool. Rather than disengaging
after a mistake, students were motivated to retry and
seek correct answers, a behavior essential for learning.
Furthermore, the significant use of the "Repeated
Reading" button (57% of students) provides direct
evidence that students were actively employing a key
reading comprehension strategy. This data offers a
clear example of diagnostic analytics in action; it
helps us understand how students approach problem-
solving within the learning environment.

5.2. The Diagnostic Power of ""Negative"
Data: The Skip Button

Perhaps the most significant finding was the
diagnostic insight gained from the "Skip Button."
While used by a majority of students (67%), its high
average use (25.79 times per user) suggested it might
be functioning less as a tool to prevent frustration and
more as a way to avoid challenging content altogether.
However, the high standard deviation (SD=38.12) is
also significant, indicating that usage was highly
variable, with some students relying on it heavily
while others used it sparingly. This observation led to
a clear prescriptive recommendation: modifying the
platform by removing the button. This practical
application demonstrates the full learning analytics
cycle [6] described in our literature review, where data
was collected and analyzed to diagnose a problem,
leading directly to a prescriptive recommendation -
the removal of the skip button - to optimize the
learning environment.

5.3. Implications and Future Directions

The implications of this study are twofold. For
educators, the data provides a deeper, almost real-time
understanding of student learning behaviors that
would be invisible in a traditional classroom. For
platform developers, it highlights the importance of
grounding design choices in pedagogical theory and
using analytics to continuously refine features. The
high standard deviation in the usage of the skip and
solution buttons also suggests that these features are
used very differently by different students, warranting
further investigation into learner-specific patterns.

While this study provides a strong proof-of-
concept, its limitations include a relatively small
sample size, especially for the level 1 group focused
on a specific demographic. Future research should

explore these patterns in a larger, more diverse student
population. Additionally, the next step would be to
develop predictive models based on this interaction
data to identify students who may need real-time
support before they fall behind.

6. Conclusion

In this study the researcher successfully
demonstrated a practical application of the learning
analytics cycle within a digital reading tool for
elementary school students. The analysis of student
interaction data enabled a progression from
descriptive analytics (what actions students took) to
diagnostic interpretations (offering potential reasons
for their behavior), which informed a prescriptive,
evidence-based platform modification. The key
finding—that a seemingly helpful "skip" feature was
potentially hindering learning focus—underscores the
necessity of grounding tool design in pedagogical
goals and continuously evaluating it with real-world
data. Ultimately, this research affirms that embedding
LA principles directly into the architecture of digital
learning environments creates a powerful, iterative
feedback loop. This loop not only enhances the
efficacy of the tool itself but also provides educators
with deeper insights, paving the way for more
effective, data-informed support and personalized
learning pathways for students.
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