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Abstract

Productively engaging in SRL is challenging for learners since it
involves coordinating multiple motivational, affective, cognitive,
and metacognitive processes. Researchers have investigated meth-
ods to adaptively scaffold learners’ productive engagement using
SRL processes automatically captured by SRL detectors. However,
most previous studies relied solely on the frequency of SRL pro-
cesses to drive adaptive scaffolds (e.g., feedback, hints), possibly
missing the sequential characteristics inherent to self-regulation, a
crucial dimension of productive SRL. To address this gap, this study
analysed the impact of sequential transitions between multiple SRL
processes on learners’ performance on a reading-writing task with
a hypermedia environment called Flora. A sample of 66 secondary-
school learners completed the task and trace data were collected.
Grounded in the COPES model of SRL, a rule-based SRL detector
was employed to capture SRL processes from collected trace data.
We employed a method combining logistic regression with ordered
network analysis (ONA) to analyse the transitions between the
detected SRL processes. This exploratory study revealed several
influential transitions to learners’ performance in different tempo-
ral learning blocks of self-regulation. The implications suggest the
potential of using COPES SRL process transitions to drive adaptive
scaffolds to facilitate engagement in productive SRL, benefiting
performance outcomes in hypermedia environments.
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1 Introduction

Self-regulated learning (SRL) is a set of dynamic, goal-oriented pro-
cesses that learners actively enact to achieve their learning goals
[34]. Productively engaging in SRL has been recognised to benefit
learners’ academic performance [13]. However, productively en-
gaging in SRL is challenging as it involves coordinating multiple
interacting processes: motivation, affect, cognition, and metacog-
nition [2, 28]. Learners often struggle to effectively employ SRL
processes in response to task demands and challenges [25]. This
highlights the importance of adaptively supporting learners’ en-
gagement in productive SRL. Yet, the complex and dynamic nature
of SRL makes it difficult for educators to detect when learners are
not performing SRL processes productively, complicating timely
intervention and support [12].

To capture learners’ SRL processes, one common approach is
to record learners’ trace data generated during learning tasks and
then extract SRL processes from it [35]. Researchers have developed
methods to achieve this automatically, such as by using rule-based
algorithms to detect theoretically-based indicators, with emerging
technologies (e.g., hypermedia-based systems, intelligent tutoring
systems, etc.) [15, 18, 39]. Leveraging algorithms has enabled captur-
ing SRL processes in real-time, thereby allowing timely intervention
to adaptively scaffold learners to engage in productive SRL. For
instance, detected SRL processes have enabled pedagogical agents
to interact with learners during learning tasks via feedback and
prompts to facilitate productive SRL [3]. Other recent work has
utilised automated detectors of SRL to drive adaptive scaffolding,
such as providing personalized messages based on individual SRL
processes to enhance performance across various learning tasks
[20, 21].

The majority of prior work has almost exclusively assessed the
frequency of a specific (or a combination of) SRL processes to diag-
nose whether SRL is productive or not to drive adaptive scaffolding.
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We argue that the frequency of SRL processes alone does not pro-
vide insight into the dynamic nature of self-regulation [34], missing
the sequential aspect of SRL processes (i.e., sequential transitions
between SRL processes) which may be useful in distinguishing be-
tween whether SRL is productive or unproductive [7, 30]. Although
researchers have increasingly considered the sequential transitions
of learning processes to better understand learners’ behaviour and
needs [30], little to no previous study has combined both the fre-
quency and sequential characteristics of SRL processes to evaluate
its relation to task performance. Thus, we extend prior literature
by accounting for the frequency and dynamics of SRL processes,
presenting implications for driving adaptive scaffolding to more
effectively support learners’ engagement in SRL.

This exploratory study investigates learners’ frequency and the
sequential transitions between multiple SRL processes during a
learning task and the association of these data with learners’ per-
formance. This study was conducted in a 45-minute essay writ-
ing task with a hypermedia-based learning system designed for
supporting and measuring SRL. We collected trace data from 66
secondary-school learners from two schools in Australia and data
were distilled into SRL processes using a rule-based trace parser.
Then, we organised the dataset into six temporal learning blocks
according to a previous study [21]. These learning blocks were
identified based on the analysis of successful learners’ strategies in
the learning task [22]. Next, we combined logistic regression and
ordered network analysis (ONA) [33], a novel approach to model
the frequency and sequential transitions between SRL processes de-
tected from trace data, to reveal key transitions between high- and
low-performers in the learning task. The analysis revealed several
key transitions that positively or negatively contributed to learners’
academic performance in each temporal learning block. The find-
ings potentially can contribute to the development of monitoring
tools or scaffolding tools to facilitate SRL.

2 Backround

2.1 Measuring self-regulated learning

A distinguishing characteristic of productive SRL is the trail of
regulatory and cyclical patterns that it leaves behind. Winne [35]
described SRL as a dynamic, task-level process comprised of five
facets: Conditions, Operations, Products, Evaluations, and Stan-
dards (COPES). Specifically, conditions refer to the external (e.g.,
domain, tools available) and internal (e.g., achievement goal orien-
tation, anxiety) factors that serve as resources to a learner. These
conditions define the context which learners use to regulate their
operations. Referring to the work of Winne [34], operations can be
categorised into a set of processes named SMART, which stands
for Searching, Monitoring, Assembling, Rehearsing, and Transla-
tion. These operations relate to how information is manipulated
to facilitate understanding and knowledge construction. From exe-
cuting operations, products are generated (e.g., knowledge gained).
Using these products, learners can then evaluate their products
according to the standards of the learning task. From this evalu-
ation, learners can update or adapt their conditions, from which
the learner may select the next operation to update or create new
product toward achieving their goals. This procedure continues
dynamically and non-cyclically until the learning goal is met. Thus,

517

Linxuan et al.

effectively identifying SRL requires measuring more micro-level
learning processes longitudinally across a learning task to gain
insight into the dynamics and non-cyclical patterns inherent to
productive self-regulation [35]. The COPES model was used in our
approach since it provides one of the more granular and micro-level
frameworks of SRL processes that emerge over learning tasks.
State-of-the-art approaches utilise technologies (e.g., MOOCS [16],

hypermedia [7, 18, 21, 22, 27, 39], intelligent tutoring systems [3, 8])
to collect longitudinal data on learners’ SRL processes using multi-
ple data channels. The most common methods involve 1) self-report
questionnaires before, during, and after learning activities [3] or
2) think-aloud protocols that require learners to verbalise their
thought processes while they interact with learning software [8, 22].
These methods largely focus on the cognitive and metacognitive as-
pects of SRL and have revealed the important relationships between
academic performance and SRL processes. However, some studies
found that utilising think-aloud and questionnaires can be error
prone, as learners are not always aware of or able to accurately ob-
serve and report their cognitive and metacognitive processes [6, 36].
While think-aloud protocols are often advantageous for establish-
ing ’ground truth’ indicators of SRL (when conscious and accurate),
copious resources are required to properly transcribe, segment, and
code verbalisations to infer SRL processes, limiting researchers to
exploit SRL data in real-time to support teachers and their students.

2.2 SRL detectors using trace data

More recently, capturing SRL using trace data that learners generate
during their engagement with tasks, such as navigational logs and
keystrokes, has become a common practice [14]. With the advance-
ment of learning analytics techniques, researchers have developed
a variety of SRL detectors, such as those developed by Hutt et al.
[18] and Zhang et al. [39], enabling detection of a range of SRL
processes, including COPES and SMART indicators from trace data.
For example, Zhang et al. [39] used a combination of text responses
and trace data generated from learners while using a mathematics
learning platform. These data were used to operationalise different
cognitive processes outlined by the COPES framework and SMART
model [36], thereby developing several robust SMART detectors
that could reliably detect indicators of Searching, Monitoring, As-
sembling, Rehearsing, and Translating Operations. Another study
by [27] examined textual and trace data within an online learn-
ing environment where learners engaged in multiple writing tasks.
Specifically, trace data was used to detect SRL processes according
to the SRL framework of Bannert et al. [7], while textual features
extracted from written essays were used to measure the products of
SRL processes (e.g., copy and paraphrase vs. synthesise and evalu-
ate). Based on these features, they created a classifier that achieved
suitable performance. Moreover, the analysis of these features re-
vealed one SRL product (coverage of reading topics) and three SRL
processes (elaboration/organisation, re-reading, and planning) as
important predictors of writing quality.

These studies have demonstrated the capability of using trace
data to automate the detection of SRL processes in real-time. Re-
searchers have further employed these detected SRL processes to
support adaptive intervention [4, 24]. For example, Lim et al. [21]
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utilised adaptive and personalised scaffolds administered at differ-
ent learning blocks to support SRL. These scaffolds were driven by
a rule-based algorithm that would prompt learners to engage in
different SRL processes according to critical time points that were
established based on empirical literature [22]. Specifically, the SRL
processes that learners enacted in one time point would serve as
a reference point for the algorithm to scaffold their SRL processes
in the next time point. The researchers compared learners’ SRL
processes between the scaffolding condition and the no scaffolding
condition, finding that scaffolding can effectively enhance learn-
ers’ engagement in SRL as indicated by the higher frequency and
transition rate of learners’ SRL processes in the scaffolding group.

The approach and findings in this previous work emphasised
the need to go beyond the frequency characteristics of SRL to
evaluate the quality of SRL processes and provoke scaffolding. The
nuanced regulatory patterns that are inherent to self-regulation
require evaluating the temporality of SRL processes (e.g., transitions,
sequences, or dynamics), thereby providing deeper insight into the
complexity and cyclical nature of self-regulation. In the last few
years, more work has begun examining the temporality of SRL [24].
Yet, how the sequential aspect of the SRL processes can be used to
provoke scaffolding for learners remains underexplored.

2.3 Research questions

This study aims to further the research into the sequential aspect
of the SRL processes by investigating to what extent the sequential
transitions between SRL processes can be indicative of learner
performance. Specifically, we investigated two research questions
in this study: RQ1: What transitions between SRL processes are
indicative of learners’ performance in different learning blocks?
RQ2: What SRL processes, which learners frequently transition to
or from, are indicative of their performance in different learning
blocks?

3 Method
3.1 Research context

This study was conducted in 2023 in the context of an essay writing
task. Participants were provided with reading materials on artificial
intelligence (AI) and its potential impact on future medicine. They
were instructed to write a 200-300 word English essay within 45
minutes to address three components: 1) the concept of Al, includ-
ing its definition, explanation, and examples. 2) the current use of
Al-based technology in daily life and medicine, and 3) the future
integration of Al-based technologies in daily life and medicine. Par-
ticipants were offered the opportunity to draw a 50 Australian dollar
gift card as compensation. A total of 71 secondary-school learners
participated, of which 66 learners submitted an essay. These learn-
ers were from two secondary-schools in Australia and accessed the
platform using desktop computers provided in their classrooms.
The average age of these learners was 13.45 years (SD = 0.84), rang-
ing from 12 to 15 years, with 38 males, 26 females, 1 non-binary, and
1 preferring not to disclose their gender. All participants consented
to the data collection approved by Monash University.

Submitted essays were marked and used to define task perfor-
mance. Each essay was scored according to the originality of the
response to each component listed above. Specifically, 0 marks for
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no response, 1 mark for copy-and-paste the reading materials, 2
marks for paraphrasing those materials, and 3 marks for providing
novel information that did not appear in the reading material. Ad-
ditionally, these essays were also marked based on satisfying the
word count requirement. Zero marks were given for essays with
fewer than 50 words or more than 400, 1 mark for essays having
50-100 or 400-450 words, 2 marks for essays having 100-150 or
350-400 words, and 3 marks for essays having 150-350 words. In
total, the full mark of an essay is 18. The 66 submitted essays were
marked by two researchers. To determine the level of agreement in
marking, 25% of essays were randomly selected and independently
marked by both researchers. After one turn of resolving conflict, a
Cohen’s kappa above .8 was achieved for each marking criterion,
indicating a strong level of agreement [23]. The remaining essays
were then assigned to the two researchers for marking.

3.2 Flora learning platform

Participants completed the essay-writing task using an online learn-
ing platform called Flora. As illustrated in Figure 1, Flora provides
reading materials and task requirements are listed in a table of
contents on the left. Participants can click the topic hyperlinks to
navigate to the corresponding page. On each page, reading ma-
terials are displayed in the centre of the page with the tools on
the right. These tools are used to facilitate SRL and completion
of the writing task, including: 1) an annotation, highlighting, and
note-taking tool for taking notes on the selected text in the reading
materials; 2) a list of notes, where students can access the notes; 3)
a searching tool, where students can search across their notes; 4) a
writing tool for drafting the essays; 5) a planner tool, where partici-
pants can organise their tasks and time allocation on tasks; and 6) a
timer displaying the remaining time for the task. Participants could
click on the button to show the window for the corresponding tool
and then use it. All interaction traces made by participants were
time-stamped and recorded by the platform. An example of the key
attributes of the collected trace data is illustrated in the raw trace
data part in Figure 2.

3.3 Data processing

3.3.1 Trace parser. An overview of the procedure of parsing the
raw trace data into process labels is illustrated in Figure 2. The
trace parser consists of two components — an action library and a
process library. The action library was used to parse raw trace data
to learning actions according to the instant event and source of
the event. For example, the "WRITE" event occurring in the essay
writing tool would be parsed into "WRITE_ESSAY" action.

Next, the process library parsed learning actions into SRL pro-
cesses based on the patterns in learning actions. In detail, the pro-
cess library was developed based on the COPES model [34, 35].
Several SRL processes were categorised under the five SRL facets
in the COPES model. For each SRL process, specific patterns of
learning actions were designed to extract SRL processes using a
rule-based algorithm. For example, as illustrated in the Parsing ac-
tions (example) part of Figure 2, checking the timer was labelled as
the first case of monitoring time constraint (C.MTC.1). Moreover,
the sequence of actions can also influence the labelling. An example
of this is the timing of actions, where accessing task requirements
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Figure 1: A snapshot of the learning environment of this study.

for the first time is labelled as the second case of surveying task re-
quirements (C.STR.2), while the second time of doing so is labelled
as monitoring task requirements (C.MTR.2).

Besides labelling according to the pattern of actions, some SRL
processes related to essay writing operations were labelled based
on the similarity between the reading materials and learners’ essay
responses, including the second cases of rehearsing (O.R.2), assem-
bling (O.A.2), and translating (O.T.2). Specifically, the trace parser
computed these SRL processes by: 1) breaking the reading materials
into sentences; 2) inputting these sentences to sentence transformer
to create embeddings [29]; 3) for each time a learner finished writing
a sentence, the sentence was input into the sentence transformer;
and 4) a cosine similarity was calculated between the learner’s sen-
tence and each sentence in the reading materials. If all sentences in
reading materials had a cosine similarity score below 0.8, it implied
that the learner was paraphrasing or expressing their own under-
standing, as a cosine similarity above 0.8 typically indicates high
similarity in text [1]. This case was labelled as O.T.2. In case of only
one sentence in the reading materials having a similarity above 0.8,
it indicated that the learner was rehearsing the reading materials,
resulting in an O.R.2 label. In contrast, if at least two sentences in
reading materials had a similarity above 0.8, it suggested the learner
was assembling the information in the material, leading to a label
of O.A.2.

More details of the SRL processes that occurred in the dataset
used in our analysis can be found in Table 1. Notably, the facets of
Product and Evaluation in the COPES model were not included in
this table. The Evaluation was excluded because no instances of
it were identified in this dataset. Regarding the Product, it is not
included in the framework because the product of the learning task
was only the essay. Thus, the focus is on the cognitive and meta-
cognitive processes that created the Product. In total, there were 31
learning actions and 30 SRL processes in the framework. Yet, only
15 processes were identified from the dataset used in this study.
A complete table of this framework can be found in this online
repository !. The validity of this framework has been evaluated in a
separate paper that is currently under peer-review. This evaluation
of validity was conducted by assessing match rates between SRL

Thttps://ost.io/4jrva?view_only=074618c2bcd742bcb3dc9a1d9bad3317
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processes extracted from think-aloud data and those detected from
trace data, following the method proposed by Fan et al. [17].

3.3.2  Data processing for analysing transition. To analyse the tran-
sition in the SRL process, we merged rows that have the same
process labels and removed those where learners did not initiate an
SRL process. Then, we empirically selected six learning blocks, as
conducted by prior studies [21, 22], to explore different COPES pro-
cesses that learners used across different temporal learning blocks.
Specifically, these learning blocks were organized based on the
time spent on the learning task. The six blocks were defined as fol-
lows: 0-2 minutes, 2-7 minutes, 7-16 minutes, 16-21 minutes, 21-35
minutes, and 35-45 minutes. Next, we calculated the frequency of
transitions among COPES SRL processes for each learning block
(e.g., the frequency of SRL process A occurring after B). Lastly, we
grouped learners into high- and low-performing groups based on
whether scores fell above the median scores on the essay writing
task. The median essay score was 11 (61.1% of the full mark) and so
learners who received a score higher than 11 were assigned to the
high-performing group (n = 33, M = 14.39, SD = 1.77), while scores
lower or equal to 11 were assigned to the low-performing groups
(n=33, M = 7.87, SD = 2.39).

3.4 Analysis

3.4.1 Logistic regression. To address RQ1, we applied logistic re-
gression analysis to analyse the influence of the frequency of each
transition on learners’ performance. To perform the analysis, high-
performing groups were assigned a label of 1 while low-performing
groups were assigned a label of 0. We used R (Version 4.3.2 [26])
to implement the logistic regression model. The independent vari-
ables of the model are the frequency of transitions between different
COPES SRL processes and the dependent variable was the perfor-
mance categorisation of learners.

In this study, we observed several transitions that demonstrated
high Variance Inflation Factors (VIFs), indicating high multicollinear-
ity. This was caused by learners performing two SRL processes
continuously. For example, learners may perform processes A, B, A,
and B again, producing a high correlation between the frequency
of transitions from A to B and B to A. This is not surprising since
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Table 1: The labelling framework based on the COPES model for parsing learning actions to SRL processes.

SRL Facets SRL processes Acronym Definition Action pattern Frequency
Surveying available C.SAR.1 Learner develops perception of resources for the Table_Of_Content 1275
resources C.SAR.2 task (e.g., tools for text annotation). Try_Out_Tools 305
Conditions Task_Overview/
Surveying task Learner develops perceptions about features of Task_Requriement/
. C.STR.2 . 109
requirements the task. Learning_Goal/
Rubric (first time)
Monitoring f
rionitoring for CMTC.1  Learner oversees time left for the task. Timer 522
time constraints
Task_Overview/
Monitoring for C.MTR.2 Learner oversees state task requirements during Task_Requriement/ 182
task requirements ’ ' the learning session. Learning_Goal
(after the first time)
. 0.S.1 Surveying available sources and information and Search_Annotation 71
Searching —_ . . —
0.S.3 comparing search entries to the standards. Page_Navigation 222
O.M.1 Evaluating the match of information to a Label_Annotation 3
Monitoring O.M.2 profile of standards (e.g., highlighted Create_Highlight 100
Operations phrase and categorical tag assigned to it) Read_Annotation/
Oo.M.3 . 136
Delete_Annotation
L t ingful it . .
Assembling 0.A2 earner creates a meaningiut composite Write_Essay_Assembling 38
of two or more units of information.
. O.R.2 . . Write_E Rehearsi 171
Rehearsing ———— Learner creates a copy of information. [1te_bssay _Rehiearsing
Pastetext_Essay
OR3 . 71
(single source)
Learner manipulates input information to output
inf ti hil i itical
Translating OT.2 iniormanion Wlle preserving critica . Write_Essay_Translating 1228
informational properties (e.g., original meaning
is preserved and new related information is inserted)
Adopting/applying I . . .
Crit t which product tored
Standards standard based on  S.ASBTS2 ~ crd apainst wWhich products are monitore Open_Planner 87

task instructions

(e.g., task instructions and scoring rubric)

Raw trace data
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Figure 2: An overview of how the trace parser processes raw trace data into learning actions and subsequently to SRL processes.

the COPES model emphasizes that different processes interact dy-
namically over time and influence each adaptation [34]. To address
this, we implemented an iterative filtering process based on VIFs.
In detail, for each iteration, only the transition with the highest
VIF value was filtered. This process continued until all transitions

transitions [19].

520

had VIFs below 5, indicating minor or no multicollinearity among

Moreover, there were 15 SRL processes observed in the dataset,
resulting in 210 possible combinations of the transition. This could
lead to sparsity issues in the logistic regression model. To mitigate

'G20Z ‘0T 1dy uo Ausieniun aedure ] Aq Areiqi eHBIQ INDV 8Y} WOy popeoumod



LAK 2025, March 03-07, 2025, Dublin, Ireland

this, we filtered out transitions performed by less than a certain
percentage of learners. We used the percentage value that creates
the optimal model indicated by having the lowest corrected Akaike
information criterion (AICc) [10]. We found that filtering the transi-
tions that occured for less than 30% of learners created the optimal
model. Thus, we used this percentage value for filtering the transi-
tions.

3.4.2  Ordered network analysis. To address RQ2, we employed or-
dered network analysis (ONA) to identify the SRL processes, which
learners frequently transition from or to, that are indicative of their
performance. ONA [33] is a method to quantify and visualise the
directed connection within coded data derived from Epistemic Net-
work Analysis (ENA) [31]. The key difference between ONA and
ENA is that ONA considers the sequential order of the occurrences
of codes during the modelling and visualising processes. This en-
ables ONA to analyse the sequential characteristics within coded
data [16], allowing analysis of how COPES SRL processes were re-
lated to each other by transitioning between them in each learning
block.

Regarding the data processing procedures of ONA, ONA starts
by accumulating the frequency of the order of codes within units
of analysis (the subjects of research interest, such as a student) into
vectors. This is achieved by iterating through each line (i.e., the
fundamental unit of meaning of a dataset, such as a line in the event
log). When ONA processes each line, it examines the codes present
in the line along with those in the subsequent lines. The codes
occurring in the subsequent lines are counted as occurring after
the codes in the initial line. Besides, the initial line and subsequent
lines collectively form a stanza window. Then, the vectors are ag-
gregated across each conversation (i.e., collections of meaningfully
related stanza windows, such as all stanza windows in an event log
of a learner’s access session to Flora) for each unit of analysis to
acquire cumulative order vectors. Next, a dimensional reduction
using Singular Value Decomposition (SVD) or Means Rotation (MR)
is applied to the collection of those cumulative vectors to project
them as points in a two-dimensional space.

In this study, we used applied MR on the first two dimensions
created by SVD to maximise the difference between the high- and
low-performance groups on the x-axis of the space. This is achieved
by rotating the x-y axes of the two-dimensional space to the direc-
tion where the x-axis creates the maximum difference between two
groups of data. This is a commonly employed approach to reveal
the distinct differences between two groups of comparison [31].
The details of MR can be found in the work of Bowman et al. [9].

After that, ONA networks are visualised in a two-dimensional
space. Two representations for each unit of analysis are created in
this space: (1) a projected point, representing the location of the
projection of the unit’s sequential order vector in this space (shown
as red or blue points in our study), and (2) a directed weighted net-
work, where nodes correspond to the codes and edges showcase the
frequency of directed connection between two codes. The weights
of edges are determined by the unit’s order vector. Specifically, the
node size is proportional to the frequency of its represented code
being connected with other codes; and the size of the coloured
inner circle of a node is proportional to self-connections. As for the
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positioning of nodes, the ONA algorithm minimises the distance be-
tween the projected points of all units’ networks and the centroids
of corresponding networks of each point [9]. Consequently, the
projected points can be treated as summaries of their correspond-
ing networks, allowing statistical tests on the distribution of these
points to compare differences between groups of networks [31, 33].
Moreover, this characteristic of the projected points enables the
interpretation of the two dimensions in the projected space based
on the locations of the nodes [33]. Similarly, if nodes are positioned
on the side of the axis where a specific group of points is clustered,
this can suggest that this group tends to create more connections
among those nodes. By using COPES SRL processes as nodes, this
feature of ONA was used to reveal the SRL processes that learners
frequently transition to or from by interpreting the positioning of
nodes for addressing RQ2.

Regarding network edges, they consist of a pair of varied size
triangles to illustrate the frequency of directed connections. Notably,
the ONA network applies a “broadcast” style to represent the order.
This means the base points toward the destination of a connection,
while the apex of a triangle points at the source of a connection. For
ease of inspection, a black chevron is placed on the more frequent
side of an edge to support recognising the direction of connections.
Regarding the frequency, the bigger and darker a triangle is, the
higher the frequency of connections is.

We used the development version (version number: 0.1.1.1684949787)

of ONA package? [33] in R to perform the analysis. Before conduct-
ing ONA, several parameters should be specified, including: lines,
conversations, stanza windows, units of analysis, and codes. In this
study, each line in the event log is configured as lines. Since the data
was related to a 45-minute task, the lines of each learner should be
all meaningfully related. Thus, we did not further separate the lines
of each learner into conversation. Regarding the size of the stanza
window (i.e., the number of lines to consider for accumulating the
frequency of order), we used a size of one to reach the same transi-
tion matrix as used in logistic regression. Lastly, we configured each
learner as the units of analysis. The same configuration is applied
to the analyses of each learning block.

We employed a commonly used approach to identify the promi-
nent differences between high- and low-performing learners [31].
This involved first creating averaged ONA networks by averaging
the edge weights of the networks within each group. Then, we
subtracted the edge weights of the two groups’ averaged networks
to generate ONA network subtractions. The created network sub-
tractions used blue colour to represent high-performing learners
and red for low-performing learners. Notably, in these network sub-
tractions, if the edge is in red/blue colour, it means that low/high-
performing learners have higher edge weights compared to the
other. These ONA subtractions were also employed to interpret lo-
gistic regression to supplement addressing RQ1, as they highlighted
the difference in the frequency of transitions.

4 Results

4.1 Learning block: 0-2 minutes

4.1.1 RQI. As illustrated in the logistic regression results in the
bottom part of Figure 3 (a), three transitions were found that at
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least 30% of students performed. A likelihood ratio chi-square test
showed the logistic regression model fit better than the null model
that only contained intercepts at an alpha-level of .05 (y%(3)=10.878,
p=.012). Out of the three transitions, the transition from the second
case of surveying task requirements (C.STR.2) to the first case of
surveying available resources (C.SAR.1) was positively and signif-
icantly associated with performance grouping ($1=1.08, Z=2.657,
SE=.406, p=.007). Moreover, the ordered network subtraction in the
top part of Figure 3 (a) illustrates that most of the edges among the
nodes were shallow except the one between C.SAR.1 and S.STR.2.
The nearly equal-sized triangle indicated that the high-performing
group more frequently transitioned between C.SAR.1 and C.STR.2
compared to the low-performing group. This finding matched the
logistic regression result. This pair of transitions revealed that sur-
veying the task requirements in the first learning block (0-2 minutes
of the task) was associated with high performers compared to low
performers.

4.1.2  RQ2. The subplot at the bottom right of ONA subtraction in
Figure 3 (a) illustrates the distribution of two groups of learners’
projected points. Welch’s t-test was performed on projected ONA
points along the first dimension (x-axis). This test revealed that the
distribution of ONA points of the high-performing group (M=-.113,
SD=.189, n=33) was significantly different from the low-performing
group (M=.113, SD=.249, n=33) (t(60)=4.1, p <.001, Cohen’s d=1.021)
on the first dimension at the alpha level of .05. This indicated that
differences existed in transitions of SRL processes between high-
and low-performing groups. Such differences can be identified from
the positioning of nodes illustrated in Figure 3 (a). We focused on the
node positioning along the x-axis in this figure, as the differences
between the two groups were concentrated along the x-axis by
performing MR. Moreover, since the projected points of the high-
performing group were clustered on the right side and those of the
low-performing group on the left, nodes positioned to the left may
be indicative of high performance, whereas nodes on the right may
be indicative of low performance.

In detail, nodes representing the second case of monitoring
(O.M.2) and the first case of surveying available resources (C.SAR.1)
were positioned on the left side of the x-axis, suggesting that high-
performers more frequently initiated these SRL processes, thus
creating more transitions among these SRL processes. According
to the patterns in learning actions used for identifying the SRL
processes, high-performers more frequently checked the table of
contents (C.SAR.1) and used the highlight tool to mark useful infor-
mation (O.M.2). On the right side, nodes representing the second
case of rehearsing (O.R.2), translating (O.T.2), assembling (O.A.2),
monitoring for task requirement (C.MTR.2), and the third case of
searching (0.S.3) were positioned, suggesting that low-performers
more frequently used these processes, demonstrating greater a num-
ber of transitions among these SRL processes. Since O.R.2, O.T.2,
and O.A.2 are operations related to essay writing, the positioning of
these nodes may indicate that low-performers started essay writing
at the first learning block. In addition, low performers may also
more frequently engage in page navigation (O.S.3) and revisit task
requirements (C.MTR,2) during the first 0-2 minutes of the task.
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4.2 Learning block: 2-7 minutes

4.2.1 RQI. As illustrated in the logistic regression result in the
bottom part of Figure 3 (b), two transitions were found to occur in
at least 30% of learners. A likelihood ratio chi-square test shows
the logistic regression model fitted better than the null model at
an alpha-level of .05 (y?(2)=9.813, p=.007). A significant transition
was observed that was negatively associated with performance
(P1=-1.164, SE=.471, Z=-2.469, p=.013), which is the transition from
the second case of surveying task requirements (C.STR.2) to the
second case of translating (O.T.2). Similar to the network for the
first learning block, the network in Figure 3 (b) illustrates that most
of the edges among the nodes were shallow except the one between
C.STR.2 and O.T.2. This also matched with the significant transition
in the logistic regression result. This may suggest that exploring
the table of contents, finding useful content, and translating the
content to essays within 2-7 minutes of starting the task (in the
second learning block) can negatively influence task performance.

4.2.2  RQ2. The subplot at the bottom right of the ONA subtraction
in Figure 3 (b) illustrates the distribution of two groups of learn-
ers’ projected points. A Welch’s t-test on projected ONA points
along the first dimension (x-axis) revealed that the distribution of
ONA points of high-performers (M=-.106, SD=.193, n=33) was sig-
nificantly different from low-performers (M=.113, SD=.180, n=31)
(¢(62)=4.7, p <.001, Cohen’s d=1.179). Notably, two low-performers
did not perform any SRL process in this learning block, leading to
only 31 projected points for low-performers. The similar rationale
applies to the results in the following sections when n was less than
33. As illustrated in Figure 3 (b), although nodes representing mon-
itoring (O.M.1 and O.M.2), assembling (O.A.2), searching (O.S.1),
rehearsing (O.R.2), and monitoring task requirement (C.MTR.2) pre-
sented on the left side, their small size and shallow related edges
suggest that only minor differences between the two groups exist
for these nodes. On the right side, there were nodes representing
the first case of surveying available requirements (C.SAR.1), the
second case of translating (O.T.2), and the third case of monitoring
(O.M.3), showing that high-performers more frequently performed
the transitions related to these SRL processes. These transitions
suggest that low-performers tended to check through the table of
contents (C.SAR.1) or annotation and highlighting (O.M.3) to find
the content to translate the information into their essay content
(OT3).

4.3 Learning block: 7-16 minutes

4.3.1 RQI. As illustrated in the logistic regression result in the
bottom part of Figure 3 (c), four transitions were demonstrated by at
least 30% of learners. A likelihood ratio chi-square test showed the
logistic regression model did not fit better than the null model at an
alpha level of .05 (y?(4)=8.165, p=.085). None of the four transitions
were found to significantly influence task performance (ps >.05).

4.3.2 RQ2. Regarding ordered network analysis, a Welch’s t-test
on projected ONA points along the first dimension (x-axis) revealed
that the distribution of ONA points of high-performers (M=-.112,
S§D=.191, n=32) was significantly different from low-performers
(M=.119, SD=.185, n=30) (£(61.488)=4.618, p <.001, Cohen’s d=1.23).
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Figure 3: Averaged ordered network subtractions for high-performing (blue edges) and low-performing (red edges) students
with logistic regression on the bottom for six learning blocks. The blue rectangle in each network highlights SRL processes
that can potentially distinguish high-performing students, while the red rectangle highlights those that may distinguish
low-performing students. The plot at the bottom right (or left) of the ONA network subtractions shows the distribution of
the projected network points for high-performing (blue points) and low-performing (red points) students, with confidence

intervals along both the x-axis and y-axis.

From the node positioning illustrated in Figure 3 (c), it can be ob-
served that surveying available requirements (C.SAR.1 and C.SAR.2)
and translating (O.T.2) were positioned on the right side. However,
O.T.2 and C.SAR.1 were connected with both blue and red edges.
This may suggest that whether the connections related to these two
were indicative of learners’ performance was uncertain. Regarding
C.SAR.2, the edges connected to it were mostly red. This may indi-
cate that low-performing students tended to attempt to use some of
the tools for the first time in this learning block (C.SAR.2). On the
left side, there are the nodes for searching (0.S.3) and monitoring
task requirement (C.MTR.2), indicating the high-performing learn-
ers tended to perform the page navigation (O.S.3) and revisit the
requirements more during this learning block (C.MTR.2) compared
to low-performing learners.
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4.4 Learning block: 16-21 minutes

4.4.1 RQI. As illustrated in the logistic regression result in the
bottom part of Figure 3 (d), there are two transitions that at least 30%
of learners performed. A likelihood ratio chi-square test showed the
logistic regression model did not fit better than the null model at an
alpha-level of .05 (¥%(2)=1.020, p=.6). Neither of the two transitions
was found to significantly influence task performance (ps >.05).

4.4.2 RQ2. Regarding the ordered network analysis, a Welch’s
t-test on projected ONA points along the first dimension (x-axis)
revealed that the distribution of ONA points of high-performing
learners (M=-.102, SD=.225, n=31) was statistically significantly
different from low-performing learners (M=.105, SD=.231, n=30)
(#(58.783)=3.54, p <.001, Cohen’s d=.907). Specifically, Figure 3 (d)
illustrates that high-performing learners tended to focus on re-
hearsing (O.R.2), while low-performing learners tended to perform
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a variety of SRL processes, including monitoring article content
(O.M.2 and O.M.3) and time constraint (C.MTC.1), applying standard
based on task instructions (S.ASBTS.2), surveying task requirement
(C.STR.2), searching created annotation (0.S.1), and surveying avail-
able resources (C.SAR.2). This may indicate that low-performing
learners tended to more frequently survey the materials (S.ASBTS.2,
C.STR.2, C.SAR.2, and O.S.1) and highlighting the useful resource
(O.M.2), while high-performing learners learners more focused on
rehearing the materials to write the essay (O.R.2).

4.5 Learning block: 21-35 minutes

4.5.1 RQI. As illustrated in the logistic regression results in the
bottom part of Figure 3 (e), there are eight transitions that at least
30% of learners performed. Alikelihood ratio chi-square test shows
the logistic regression model did not fit better than the null model
at an alpha-level of .05 (¥?(6)=10.198, p=.116). None of the six
transitions were found to significantly influence task performance
(ps >.05).

4.5.2 RQ2. Regarding the ordered network analysis, a Welch’s
t-test on projected ONA points along the first dimension (x-axis)
revealed that the distribution of ONA points of high-performing
learners (M=-.112, SD=.185, n=31) was significantly different from
low-performing learners (M=.119, SD=.216, n=33) (#(61.488)=4.618,
p <.001, Cohen’s d=.801). The ordered network subtraction in Fig-
ure 3 (e) illustrates that on the left side, almost only blue edges
were connected to the nodes representing the third case of search-
ing (0.S.3) and the second case of monitoring task requirement
(C.MTR.2), while primarily red edges were connected to the node
for the second case of rehearsing (O.R.2). This indicates that low-
performing learners tended to focus more on rehearsing the found
materials (O.R.2). On the other hand, high-performing learners
tended to navigate across pages to find useful materials for writing
(0.S.3) while keeping track of task requirements (C.MTR.2). This
may indicate that high-performing learners acquired material for
writing with more variety.

4.6 Learning block: 35-45 minutes

4.6.1 RQI. Asillustrated in the logistic regression result in the bot-
tom part of Figure 3 (e), a likelihood ratio chi-square test shows the
logistic regression model did not fit better than the null model at an
alpha-level of .05 (y?(6)=3.718, p=.714). None of the six transitions
were found to significantly influence task performance (ps >.05).

4.6.2 RQ2. Regarding the ordered network analysis, a Welch’s
t-test on projected ONA points along the first dimension (x-axis)
revealed that the distribution of ONA points of high-performing
learners (M=-.083, SD=.197, n=25) was significantly different from
low-performing learners (M=.104, SD=.274, n=20) (¢(33.429)=2.57,
p=.014, Cohen’s d=.801). The ordered network subtraction in Fig-
ure 3 (f) illustrates that both blue and red edges were connected
to the nodes on the left side, suggesting no indicative nodes were
found for high-performing learners. On the right side, despite the
nodes’ sizes being small, low performers had slightly more fre-
quent second cases of monitoring task requirements (C.MTR.2),
surveying task requirements (C.STR.2), monitoring highlights of
materials (O.M.2), applying standards based on task instructions
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(S.ASBTS.2), surveying available resources (C.SAR.2), and third case
of rehearsing (O.R.3), compared to high performers. From these SRL
processes, low-performing learners more frequently refer to the
planner (S.ASBTS.2) and task requirements (C.SAR.2 and C.MTR.2)
to find (O.M.2) and copy the useful content from reading materials
(O.R.3) than high-performing learners. Notably, low-performing
learners performed C.SAR.2 in this learning block. Since C.SAR.2
can only be detected when students check the instructions after
5 minutes, this indicates that several low-performing learners did
not check the task requirement until the last ten minutes of the
writing task compared to the high-performing learners, possibly
suggesting unproductive SRL.

5 Discussion

The objective of this study was to evaluate the frequency and se-
quential transition between multiple COPES SRL processes identi-
fied using automated SRL detectors during an essay-writing task
with the Flora platform. Learners were assigned to groups based on
the quality of their essay responses. ONA and logistic regression
analysis were used to evaluate the relationships among the sequen-
tial transitions among COPES processes on task performance.

In summary, the analysis results in this study revealed several
transitions between SRL processes, where the frequency was as-
sociated with task performance. Regarding RQ1, transitions that
significantly contribute to high or low performance were only iden-
tified from the first two learning blocks. Specifically, we found that
high-performing learners tended to transition between checking
the content table (C.SAR.1) and surveying the task requirement
(C.STR.2). This aligns with findings of SRL that checking the task
requirements at the beginning of the task to build an understanding
of the condition of the task can contribute to task performance
[11, 37]. In the second learning block, the transition between trans-
lating material content to essay content (O.T.2) and checking the
content table (C.SAR.1) (operation—condition) was negatively as-
sociated with task performance. This transition may suggest that
low-performing learners conducted essay writing in the early learn-
ing blocks of the task. This aligns with the finding in previous
studies that "read first, write later" tends to be a more effective
strategy than conducting writing in the early stage [32].

Regarding RQ?2, the statistical tests showed that the distribution
of ONA networks’ projected points was significantly different be-
tween high- and low-performing learners across all learning blocks.
From the positioning of the nodes, we identified several SRL pro-
cesses that high- and low-performing learners tended to transition
to (or from) more frequently. Specifically, high-performing learners
tended to revisit task requirements more frequently during the
task, indicated by the positioning of the monitoring task require-
ment (C.MTR.2) on the left in learning blocks 2, 3, 4, and 5. We
suspect that some low-performing learners may not realise the
importance of task requirements and delay accessing them until
the latter half of the task. This is suggested further by the C.STR.2,
which represents accessing the task requirement for the first time,
being positioned on the right side and most edges connected to it
are red in the last three learning blocks. This is also aligned with
prior findings, which suggest that the importance of monitoring
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task requirements is critical for building an understanding of the
condition to guide self-regulation during a task [11, 37, 38].

Moreover, the positioning of the nodes can also suggest that the
overall strategy of high-performing learners tended to be read-first
and write-later, aligning with the findings in the work from Sri-
vastava et al. [32]. Specifically, in the first three learning blocks,
high-performing learners more frequently performed monitoring
operations (O.M.1 or O.M.2) that represent highlighting or annotat-
ing reading materials. This suggests that high-performing learners
focused more on reading, leading to a higher frequency of anno-
tations and highlights in the first part of the task. In the last three
learning blocks, O.M.1 and O.M.2 shift to the right side, suggest-
ing that high-performing learners spend less effort on reading and
potentially more on writing in later learning blocks.

5.1 Practical implication

This study has direct implications for researchers and practitioners
for detecting multiple SRL processes automatically with an on-
line learning platform. Specifically, we found that the frequency
of transitions between specific SRL processes was associated with
high performers compared to low performers and vice versa. These
insights can be utilised to drive adaptive scaffolding with online
learning systems, such that if a learner is infrequently transitioning
between specific SRL processes (e.g., operations—conditions), it
may be indicative of unproductive SRL that harms task performance.
Yet, researchers rarely examined the impact of transitions of SRL
processes on performance currently. More research is needed to
confirm the impact of these transitions and confirm whether the
findings can transfer to other learning environments and learning
tasks.Moreover, the method that combines ONA with logistic re-
gression presents an approach to interpret network subtraction
edges with statistical evidence, providing more insight into the rela-
tionships among SRL process transitions. Researchers may consider
adopting this approach to interpret edges when applying similar
quantitative ethnography methods, such as epistemic network anal-
ysis [31].

5.2 Limitation and future work

This study is not without limitations. First, the learning blocks
explored in this study were determined empirically according to
the previous study [21]. While the learning tasks and time limit
were the same as in the prior study, there were differences in the
participants’ educational levels, the reading materials, and the task
requirements. Therefore, the expected behaviours in each learning
block may be different [21]. Consequently, the learning blocks in our
study are used solely as temporal blocks to explore differences in the
transitions demonstrated by high- and low-performers. Studying
the more appropriate learning blocks for secondary school learners
can be meaningful future work.

Second, the dataset in this study may be insufficient to fully
reveal the interesting transitions from logistic regression analy-
sis in the last four learning blocks. This issue becomes apparent
when comparing the logistic regression results and ONA results, as
several recognisable directed connections appear in the ONA sub-
tractions while not significant in the logistic regression result. We
inspected the frequency of transitions in such cases and found that
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only a few learners performed these transitions more frequently
than others in the same group, leading to such situations. Whether
such cases are outliers or driven by individual differences (e.g., prior
knowledge, personality, gender, motivation, emotions) should be
explored more in future work. Enriching trace data with other data
channels, such as physiological signals (e.g., [28]), facial recogni-
tion, or data-driven interviews [5] may provide more insight into
individual-level factors that influence SRL process transitions and
their relation to task performance.

Lastly, although we identified several transitions that are indica-
tive of learners’ task performance, whether these transitions can be
used to drive monitoring prompts or adaptive scaffolding tools that
effectively facilitate productive SRL is an area we aim to explore in
future research.

6 Conclusion

In summary, we presented a method that combines logistic regres-
sion and ONA to analyse the transitions between SRL processes.
The results revealed several transitions between SRL processes that
can be indicative of high- and low-performers in different temporal
learning blocks. Our method and the findings hold implications
for developing adaptive scaffolding tools to facilitate learners to
engage in productive SRL that benefit task performance with digital
learning platforms.
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