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ABSTRACT
A sophisticated grasp of self-regulated learning (SRL) skills has
become essential for learners in computer-based learning environ-
ment (CBLE). One aspect of SRL is the plan-making process, which,
although emphasized in many SRL theoretical frameworks, has
attracted little research attention. Few studies have investigated
the extent to which learners complied with their planned strate-
gies, and whether making a strategic plan is associated with actual
strategy use. Limited studies have examined the role of prior knowl-
edge in predicting planned and actual strategy use. In this study,
we developed a CBLE to collect trace data, which were analyzed
to investigate learners’ plan-making process and its association
with planned and actual strategy use. Analysis of prior knowledge
and trace data of 202 participants indicated that 1) learners tended
to adopt strategies that significantly deviated from their planned
strategies, 2) the level of prior knowledge was associated with
planned strategies, and 3) neither the act of plan-making nor prior
knowledge predicted actual strategy use. These insights bear impli-
cations for educators and educational technologists to recognise
the dynamic nature of strategy adoption and to devise approaches
that inspire students to continually revise and adjust their plans,
thereby strengthening SRL.

CCS CONCEPTS
• Applied computing→ Interactive learning environments.
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1 INTRODUCTION
The emergence of computer and information technology has facil-
itated a shift in educational contexts, transitioning from conven-
tional classroom settings to online learning environments [17]. Over
the past decade, a number of CBLE has been developed [4, 5, 29, 39].
These CBLEs offer significant advantages; not only do they enable
learning and teaching at scale but also offer opportunities to design
and implement timely support for learners’ learning process [20].
Furthermore, CBLEs afford a high degree of autonomy to learners,
allowing them to exercise considerable discretion in determining
how to learn, what to learn, and when to learn [22]. Consequently,
the inherent characteristics of CBLEs imposed increased expecta-
tions on learners to be adept at self-regulating their learning.

Self-regulated learning (SRL) is a multi-dimensional theoretical
construct that encompasses the cognitive, metacognitive, motiva-
tional, and emotional dimensions through which learners engage
with learning tasks [35]. Although various conceptual frameworks
of SRL exist, they commonly incorporate a macro-level cyclical pro-
cess consisting of forethought, performance, and reflection phases
[15, 49]. For instance, Winne and Hadwin’s model [49] proposed
four stages of SRL: 1) task definition, which involves understand-
ing the task as shaped by both internal and external conditions;
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2) goal-setting, which involves setting goals and planning the de-
tailed approaches towards the goal; 3) enactment, the execution of
planned learning strategies and tactics; and 4) adaptation, which
entails reflecting on previous learning experiences to make appro-
priate adjustments. In the context of CBLEs, Azevedo et al. [6]
developed a model that identified a range of SRL processes, includ-
ing both macro-level processes – namely planning, monitoring,
strategy use, task difficulty assessment, and interest – as well as
35 micro-level processes. While a substantial body of research has
explored SRL processes during the performance phase, less atten-
tion has been paid to the forethought phase and how to support
learners’ SRL processes during the forethought phase [21]. In par-
ticular, the planning process, which is defined as an individual’s
intention to perform a given behavior and which requires cognitive
self-regulation, is a critical component of the forethought phase of
SRL [2, 19]. Prior studies indicate that learners who formulate com-
prehensive plans prior to initiating the learning process are more
likely to succeed [52]. Furthermore, the introduction of planning
prompts, which nudge learners to formulate learning plans, has
been shown to increase course completion rate and encourage a
productive learning mindset which predicts learning success [52].

Existing research primarily employs pre-task surveys and inter-
views to capture the planning process. However, given that SRL
is inherently dynamic and deeply rooted in the learning context,
traditional offline self-report measures fall short in encapsulating
the fluid nature of SRL processes [30, 38]. Learners may report a
plan inaccurately given that they lack comprehensive vision of the
learning task before they start learning [38]. To overcome these lim-
itations, learning analytics (LA) offers the opportunity to capture
and analyze learners’ planning processes through the collection
of online data (i.e., trace data). Recently, an interview study was
conducted to understand the learners’ expectation of using LA to
support their SRL process on CBLEs, and found that learners ex-
pressed great interests in having tools that can support them in
planning and scheduling their learning process [3]. However, to
date, few studies have considered capturing learning plans dur-
ing the learning process [23, 38]. Development of analytics and
tools that capture the planning process could potentially inform
stakeholders in providing more adaptive support to learners’ SRL
[11, 48]. Lastly, learners’ level of prior knowledge could affect how
they approach the task [32, 36], while limited studies have consid-
ered the predictability of prior knowledge on learners’ planned and
actual adoption of learning strategies.

To address the aforementioned limitations, the current study
designed a CBLE in which a novel planner tool was dedicated to
capture learners’ learning plan during the learning process. Then,
LA techniques were implemented to capture trace data about the
SRL processes and to analyze (a) the extent to which learners would
follow their planned learning strategies, (b) whether prior knowl-
edge was predictive to their planned strategies, and (c) the extent
to which learners adopted learning strategies varied if they made
plans or not. By capturing trace data and adopting a combination of
cluster and temporal analysis, we identified three adopted learning
strategies and made comparison with the strategies they planned.
Learners’ level of prior knowledge was examined to evaluate the as-
sociation with planned and actual strategy use. The results indicate
that the learners adopted different learning strategies from those

they planned, and while prior knowledge was found predictive
of their planned strategies, plan-making process did not lead to
differences in adoption of strategies.

2 LITERATURE REVIEW
2.1 Compliance with strategic plans
Self-regulated learners set specific learning goals and plan the subse-
quent learning process to fulfill goals [8, 46]. For example, strategic
planning is the process wherein learners make plans concerning
the sequence, timing, and effort relating to the utilization of cog-
nitive and metacognitive processes to attain a specified learning
goal [8, 23]. Despite the fact that numerous theoretical frameworks
of SRL have been proposed, the importance of strategic planning
process has been commonly emphasized. For instance, Winne and
Hadwin [49] proposed the four-stage COPES model, which em-
phasizes SRL as a recursive process among different stages – task
definition, goal-setting, enactment, and adaptation – with each
stage comprises five aspects of learning – condition (C), opera-
tion (O), product(P), evaluation (E), and standard (S). As described
in the COPES model, in stage two, learners make their plans for
coordinating learning tactics according to the task condition (i.e.,
internal and external condition) and their perception to the condi-
tions. For instance, a learning task that involves reading the topic
of artificial intelligence (stage 1, condition) may sound interesting
to a learner (stage 1, product), and the learner subsequently plans
to engage in deep learning by careful reading and taking notes
(stage 2, product). Extant studies have underscored the advantages
and benefits derived from plan-making behaviors. For instance, in
MOOC context, Kizilcec et al. [23] conducted an empirical study
exploring the predictability of various SRL strategies in attaining
specific learning goals, discovering that learners engaging in goal
setting and strategic planning were more likely to achieve their
personalized course goals.

Given the positive impact of planning and goal-setting in learn-
ing, previous research has integrated SRL scaffolding to aid learners
in their plan-making and goal-setting processes [6, 8, 12, 40]. For
instance, Bannert and Reimann [8] utilized prompts to support
various aspects of the SRL process, discovering that prompts foster-
ing goal-setting and plan-making had the most significant impact
compared to other SRL processes. In a similar vein, Davis et al.
[12] conducted a study in the MOOC environment, encouraging
learners to actively establish weekly learning plans and reflect on
their progress. Results showed that the learners exposed to plan-
ning prompts exhibited significantly higher learning performance
(i.e., course grades) compared to those who were exposed to the
planning prompts but did not make plans and those in the control
condition (i.e., no prompts condition). However, two primary limita-
tions exist within these studies. Firstly, there is a prevailing lack of
comprehension within the current literature regarding how learn-
ers execute their planned activities – it remains unknown whether
learners merely set goals and plans but proceed with different route
to what they planned, or whether their learning processes align
consistently with their plans. Addressing this gap can enrich the
literature by examining the connection between what is planned
and what is actually performed, thereby guiding future design of
prompts to support effective learning processes. For example, if
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students employ learning strategies consistently as planned, such
plans could serve as invaluable data to inform interventions when
students planned sub-optimal strategies. Here, learning strategy
is defined as the systematic arrangements of learning tactics (e.g.,
read and write simultaneously), whereas learning tactics are single
cognitive operations (e.g., highlighting) [48]. Secondly, previous
studies have commonly prompted learners to make plans prior
to commencing learning tasks. However, planning is an ongoing
process, and capturing plans prior to the task makes it hard to
understand the dynamic process of planning [38, 48]. One way
to address this limitation is to provide planner tools embedded in
the context of CBLE and allow learners to interact with the tool
throughout the task [45]. Such instrumentation tools that capture
interaction with learning information have been proven effective
in capturing high cognitive and metacognitive SRL processes (e.g.,
planning) [45]. To date, limited studies have embedded instrumen-
tation tools in capturing planning process in CBLEs [13]. Aamong
those that have implemented planning tools, the design complexity
has often made the tools difficult for learners to use, leading to their
infrequent use for plan-making process [9, 26, 45].

To address these limitations, we (a) designed and implemented a
novel and easy-to-use planner tool which allowed learners to report
their strategic plans while engaging with the learning task, and (b)
investigated whether learners actually performed strategies that
are consistent with the strategies that they planned to use. So, our
first research question (RQ1) was: To what extent do learners adopt
learning strategies that are consistent with their planned strategies?

2.2 Association between prior knowledge and
planned strategies

Learners’ prior knowledge describes the level of domain knowledge
to the targeted learning content. Based on the COPES model of SRL,
prior knowledge is one of the internal condition within the COPES
construct that affect how learners plan to operate on learning con-
tent [49]. The literature offers some empirical evidence to support
this relationship. For example, Moos and Azevedo [32] found that
learners with higher prior knowledge tended to plan their learn-
ing by frequently activating their relevant domain knowledge and
revising their learning goals compared to those with lower prior
knowledge. Moreover, the Moos and Azevedo [32] study also found
that, in a 40-minute single reading and writing task, high prior
knowledge learners tended to plan to use fewer learning tactics
because they did not need to construct basic domain knowledge
though comprehensive reading, which normally requires a variety
of tactics including note-taking, highlighting, and memorization.
However, one of the main limitation in the current literature is
that most studies have been focused on the extent to which prior
knowledge can predict the frequency of occurrence of different
cognitive or metacognitive processes, rather than investigating the
association of prior knowledge and learners’ plans about strategy
use. As such, we proposed our second research question (RQ2)
as: To what extent is learners’ prior knowledge associated with the
planned strategies?

2.3 Association between prior knowledge,
plan-making, and adopted strategies

Setting learning goals and making plans to achieve the goals shape
learning engagement while working on a task, because plan-making
can be seen as offering standards for monitoring the subsequent
learning processes and therefore learners are better prepared to
explore what the task is about and how to better address the task
[46, 48]. Locke and Latham [27] highlighted this connection and
explained it from four perspectives: (i) plan-making serves a di-
rective function which encourages learning attention to the task;
(ii) it motivates learners, enhancing commitment and effort; (iii) it
sustains dedication over time; and (iv) it stimulates the application
of prior knowledge and adoption of learning strategies. Empirical
evidences can be found to support these propositions regarding
plan-making processes. In a MOOC context, it was found that imple-
menting a planner tool that supports the process of making plans
about learning strategies to be positively associated with learning
engagement and learning performance as measured by the final
grades [36, 37]. However, to our knowledge, there is a scarcity in the
current literature which investigated whether making plans about
learning strategy use is associated with learners’ actual adoption
of learning strategies.

Not only is prior knowledge potentially associated with how
learners plan to operate on the learning task, but is also potentially
associated with their actual adoption of learning strategies. Empir-
ical studies have investigated the extent to which learners’ prior
knowledge about the information studied in the learning task is
associated with SRL processes. Some studies found that learners
with high prior knowledge demonstrated significantly more fre-
quent monitoring and planning process, and tended to use fewer
learning tactics [32, 33]. Moreover, high level of prior knowledge
stimulates learners to adopt more advanced tactics (e.g., making
inference, as part of their content comprehension process) [31, 32].
Yang et al. [51] found that low- and high- prior knowledge learners
demonstrated different learning patterns, with low-prior knowledge
learners tended to adopt a local approach (e.g., focus on specific
learning content) while their high-prior knowledge counterparts
tended to adopt a global approach (e.g., focus on knowledge com-
prehension combining different parts of learning content). Given
that learners’ approach to the task can be associated with their level
of prior knowledge, it is necessary to control for the influence of
prior knowledge when assessing the potential association between
making plans about learning strategy use and actual adoption of
learning strategies. However, to our knowledge, no study has in-
vestigated the association between plan-making about strategy
use and actual strategy use when controlling for the level of prior
knowledge in CBLEs. So, we proposed our third research question
(RQ3): To what extent is plan-making for strategy use associated with
the actual strategy use while controlling for prior knowledge?

3 METHODOLOGY
3.1 Research design and context
3.1.1 Participants. The participants in this study comprised graduate-
level university students who were non-native English speakers.
They voluntarily enrolled in an academic English writing course
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designed to teach the principles of scholarly writing composition.
As a component of the course curriculum, the students were re-
quired to complete a 120-minute reflective writing task, the details
of which are elaborated in Section 3.1.4. Of the 245 students who
initially participated, valid data was obtained from 202. Specifically,
43 students were excluded from the final data set for the follow-
ing reasons: 1) 16 were excluded due to insufficient engagement,
having spent less than 20 minutes on the writing task; 2) 14 did
not provide us with informed consent; 3) five were removed due to
technical issues that resulted in the collection of fewer than 1,000
timestamped trace data points; 4) five were removed as they had
re-submitted new plans that were different to their first submitted
plan; 5) two were removed as they submitted their customized plan
(see further explanation in Section 3.1.3; and 6) one was removed
as they had no essay data.

3.1.2 Learning platform. A snapshot of the CBLE employed in this
study is provided in Figure 1. As depicted, the platform interface
consisted of several primary functional areas. Reading materials
were displayed on the central panel, and the students could navigate
through different pages using the navigation bar This navigation bar
also allowed access to the general instruction and marking rubric
pages, where the students could familiarize themselves with the
task requirements and assessment criteria for their essay writing.
While engaging with the reading materials, students had the option
to utilize annotation tools for text highlighting and note-taking.
Furthermore, a variety of instrumentation tools were available on
the right-hand side of the interface. Specifically for this study, in-
strumentation tools offered to the students comprised a search tool,
an essay writing tool, a planner tool, a dictionary tool, and a timer
tool. These tools were designed to appear as pop-up windows; when
a student clicked on an icon, the corresponding tool interface would
appear. For instance, as shown in Figure 1, the essay writing pop-up
window allowed the students to draft and save their essays. Empir-
ical evidence supports the effectiveness of these instrumentation
tools in capturing trace data, which are used to measure students’
SRL processes as well as their application of learning strategies and
tactics [44, 45].

3.1.3 Planning tool design. For this study, a planning tool has been
designed to capture data regarding the participants’ strategic plan-
ning (i.e., the learning strategy and tactics that are planned to use).
Figure 2 shows how learners could leverage this tool to plan their
overall strategy, time allocation, and specific reading and writing
tactics. Firstly, the participants were prompted to select an overall
learning strategy from a drop-down list, illustrated in Figure 2 – (a).
Following this, the participants could delineate their expected time
allocation for each topic and the essay-writing task, as shown in
Figure 2 – (b). Subsequently, the participants had the opportunity
to specify the reading and writing tactics they aimed to adopt, as
shown in Figure 2 – (c) and (d). Once finalized, the participants
could submit and save their plan, and a summary of their choices
was generated, as displayed in Figure 2 – (e). After saving, the par-
ticipants could access, check, and revise their plans at any time
by clicking on the planning tool icon located within the instru-
mentation tool area, and modifications could be made by selecting
the edit button, as indicated in Figure 2 – (e). It is important to
note that choosing an overall learning strategy was mandatory for

saving the plan, whereas subsequent steps like determining time
allocation and selecting specific tactics were optional. A detailed
explanation of the options provided at each step is summarized in
Table 1. The planner tool also allowed learners to create their own
strategic plans if they felt that neither of the three options could
summarize their planned strategies. Given the low sample size of
this group (2 learners), they were excluded for the analysis of this
study. Lastly, the choice of offering three learning strategies and
options for specific reading and writing tactics were derived from
two previous study that demonstrated that students self-reported
(interviews) [25] and exhibited (trace data) [44] the use of these
strategies on the same type of task.

3.1.4 Task design. The learning task was divided into three distinct
sessions. The first, the pre-task session, required the participants to
complete a pre-test to assess prior domain knowledge. In the second
session, training was administered to acquaint the participants with
the learning platform and the instrumentation tools they would
utilize in the study, as elaborated in Section 3.1.2. The third session
was the main task session, where the participants were instructed
to employ all the provided tools and compose a 300-400 word essay,
synthesizing reading material that focused on the application and
future prospects of AI in education. With a time limit set at 120
minutes and intensive amount of readingmaterial, this design aimed
to encourage the participants not to read everything, but to skillfully
self-regulate and engage in metacognitive monitoring and control,
ensuring they would allocate their time to relevant reading and
writing activities, aligned with the task instructions and marking
rubric.

3.2 Data collection
3.2.1 Pre-test score. Learners’ prior knowledgewas assessed through
a pre-test consisting of 15 multiple-choice questions. Each question
carried one mark, with the total score indicating the learners’ level
of prior knowledge. The reliability of the pre-test was examined in
previous lab studies [45].

3.2.2 Trace data and trace parser. The trace data collected from
the CBLE comprised three main time-stamped components: 1) nav-
igation logs, 2) mouse traces, including clicks, movements, and
scrolls, and 3) keyboard strokes. Unlike self-reported survey data
which is ineffective in capturing the dynamic flow of SRL pro-
cesses [47], the advantage of using trace data to measure SRL
processes is the ability to unobtrusively capture learner actions
in real-time, allowing proximal identification of learning events
[38, 41, 50]. In this study, a theoretically-informed trace parser
was adopted, which converts raw trace data into meaningful SRL
processes. The design of the trace parser is based on Bannert’s
framework of SRL in hypermedia learning context, which cate-
gories SRL processes into cognition, metacognition, and emotion
[7, 9]. Extensive empirical studies were conducted with this frame-
work to collect learning trace data and validate the measurement
of SRL processes [24, 42–44]. The trace parser consists of an ac-
tion library – which converts raw trace data to learning actions
– and a process library – which labels learning actions into SRL
processes (a summary of the trace parser is presented in Figure 3; a
complete table of action and process libraries can be found in the
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Figure 1: Snapshot of the Moodle-based learning environment

Figure 2: Snapshot of the planning tool

Appendix at this link. In total, there were 21 learning actions and
seven SRL processes. As shown in Figure 3, for example, if a learner
read the general instruction (action: GENERAL_INSTRUCTION)
or rubric page (action: RUBRIC) and created or edit annotations
(action: EDIT_ANNOTATION) during the reading, this specific
learning action pattern (GENERAL_INSTRUCTION/RUBRIC <->
EDIT_ANNOTATION) were coded as MC.O.3, which represents
the third (3) Orientation process (O) of metacognition (MC). The
validity of employing this specific trace parser and trace data has
been tested and proved using think-aloud data [14, 15].

3.3 Data analysis
To answer RQ1, this study first implemented a combination of clus-
ter analysis and process mining to detect learners’ actual adoption
of learning strategies based on the existing approaches in learning
analytics used for this task [14, 15, 30, 44]. First, for each individual
participant, we computed the sequences of SRL processes, where a
sequence comprised all the SRL processes detected for a participant
during the task. Utilizing these sequences, we then generated a First
Order Markov Model (FOMM) using the pMineR R package [18].
This model allowed us to derive the transition matrix representing
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Table 1: Outline of the planner tool content: strategy options, time allocation, and the options of planned reading and writing
tactics

Learning strategy Time allocation Reading skills Writing skills

Read First, then Write

1. Read the first module - AI
2. Read the second module - Differentiation
3. Read the third module - Scaffolding
4. Write essay

1. Read the material page by
page
2. Quick browsing and then
detailed reading
3. Use the highlight tool to
mark key content
4. Write down my understand-
ing in notes while reading
5. Question-guided reading
with focus on certain content
6. Read selectively and skip
irrelevant content

1. First draft an essay structure
and then fill in with details
2. Use my notes and highlight-
ing when writing the essay
3. Review instructions and
rubrics to get writing in line
4. Copy paste key sentences
and then rewrite them fluently
5. Use the writing framework
and patterns I have learned to
write

Read and Write Simultaneously

1. Read/write about the first module - AI
2. Read/write about the secondmodule - Dif-
ferentiation
3. Read/write about the third module - Scaf-
folding

Write Intensively, Read Selectively

1. Conceive the structure of the essay
2. Write the first draft
3. Read additional information in relation
to the essay
4. Review, refine and enhance the essay

Figure 3: The trace pacer to label raw trace data into SRL processes

the likelihood of transitions between various SRL processes. Subse-
quently, we employed the transition matrix from the FOMM to for-
mulate the expectation-maximization clustering method, enabling
us to effectively detect and categorize distinct learning strategies.
As informed by the previous study which adopted the same cluster
technique and analytical methods, we expected to identify three
clustered strategies [44]. Afterwards, to determine and interpret
the clustered groups, several data analytic approaches were used,
including 1) descriptive statistical analysis, 2) exploratory sequence
analysis (including frequency and temporal distribution of SRL pro-
cesses), 3) temporal distribution of learning actions, and 4) FOMM
process mining. Then, to examine the consistency between the
planned learning strategies and the actual adopted strategies, the
McNemar-Bowker test was conducted. McNemar-Bowker test was
used to determine whether there are differences on a dichotomous
dependent variable between paired groups [1]. In our study, this

test was particularly useful as it allowed the comparison of the pro-
portions of categorical responses (three types of planned learning
strategies and the actual learning strategies to be determined by
the cluster analysis), allowing for a precise exploration of whether
the participants tended to significantly adopt the strategies they
initially planned. Essentially, it enabled a focused investigation into
the alignment, or the lack thereof, between the planned learning
strategies and the actually adopted strategies. Given that multiple
McNemar-Bowker tests were performed, Bonferroni correction was
applied to control for the family-wise error rate.

To address RQ2 and RQ3, multinomial logistic regression anal-
ysis was utilized to investigate the associations between learners’
prior knowledge, their planned learning strategies, and their actual
adoption of strategies, with a control for the level of prior knowl-
edge. This analytical approach was well-suited to our research as
it facilitated the exploration of how the participants with varying
levels of prior knowledge planned and adopted different strategies.
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While trace data from 202 students were collected, the statistical
test in answering RQ2 and RQ3 is based on 200 students, as 2 did
not complete the pre-test. For RQ2, the focus was specifically on
examining the relationship between prior knowledge and planned
learning strategies, while for RQ3 on the connection between the
actual adoption of strategies and plan-making, while controling for
prior knowledge. Specifically, the models for RQ2 and RQ3 were
articulated as follows:

RQ2:

Planned Learning Strategies ∼ Score of Pre-test

where
• Planned Learning Strategies was the reported strategies that
learners planned to adopt by using the planner tool.

• Score of Pre-Knowledge Test was a continuous predictor vari-
able, representing the students’ prior knowledge measured
by the pre-test score (the maximum score was 15).

The RF strategy was used as the reference category.
RQ3:

Adopted Learning Strategies ∼ Plan Making + Score of Pre-test

Here:
• Adopted Learning Strategies was obtained by combining clus-
tering and process mining methods outlined in RQ1.

• Plan_Making was a binary predictor variable, representing
whether students submitted or not their strategic plan by
using the planner tool.

The RF strategy under the condition of no plan reported served
as the reference category.

4 RESULTS
4.1 RQ1: Alignment between planned and

adopted learning strategies
Three cluster groups representing the three learning strategies
were identified as consistent with our expectation based on previ-
ous research [44]. Figure 4 summarizes the results of data analytic
techniques used to characterize SRL processes and learning ac-
tions performed by the participants in each learning strategy group.
Based on the analysis, we found that the three clustered groups
differ in terms of the 1) temporal distribution and frequency of SRL
processes (Figure 4 - (A) and (B)); 2) temporal distribution of learn-
ing actions (Figure 4 - (C)); and 3) SRL process transitions based
on the FOMM model (Figure 4 - (D)). Accordingly, three learning
strategies are summarized as follow:

Group-1: read and write simultaneously (RW) strategy. The
learners in this group predominantly displayed a linear learning
process. They appeared to allocate balanced efforts towards both
reading and writing activities (Figure 4 - (A) and (C)). Also, learners
were observed to exhibit the highest frequency of re-reading in
comparison to the other two groups (Figure 4 - (B)). Meanwhile,
there was an inclination to continuously orient their reading and
writing processes by recurrently checking the task requirements
(Figure 4 - (A) and (B)), which showed a high frequency of MC Ori-
entation throughout the task), proving that they were reading and
writing simultaneously with task-guided orientation. As such, the

learners in this group predominantly went back and forth between
reading and writing processes, reflecting an integration of the two
processes.

Group-2: write intensively, read selectively (WI) strategy.
The learners in this group allocated a relatively substantial amount
of time and effort to writing and commenced intensive writing ear-
lier compared to those in the other two groups, (Figure 4 - (A) and
(C)). Their efforts expended on first- and re-reading were compara-
tively minimal, as depicted in Figure 4 - (A), (B), and (C). Also, the
FOMM comparisons also indicated that this group demonstrated
higher frequency of self-transition (the arcs from and end to the
same process) of Elaboration/Organization compares to the other
groups (Figure 4 - (D), Group 1 vs. 2 and Group 2 vs. 3 comparisons).

Group-3: read first then write (RF) strategy. The learners in
this group started their learning with intensive the first-reading pro-
cess and then gradually started to draft the essay (Figure 4 - A and
D). This can also be evidenced from the FOMM comparisons, where
they demonstrated relatively high frequency of self-transition of
First Reading as compared to the other groups (Figure 4 - (D), Group
1 vs. 3 and Group 2 vs. 3 comparisons).

After identifying the actual strategies used by learners, we cross-
tabulated the distribution of both planned and actual strategies in
Table ??. The table revealed that the actual strategies adopted by the
90 learners who reported their planned strategies were diverse and
dispersed. The results of the McNemar–Bowker test of symmetry
(Table 3) indicated a significant global inconsistency (𝜒2 (3) = 22,
𝑝 < 0.0001) across the strategies, with an odds ratio of 3.85 and a
Cohen’s g of 0.294, showcasing a medium effect size and suggesting
a general deviation between the planned and adopted strategies.
Specifically, the post-hoc pairwise comparisons revealed a signifi-
cant deviation between the planning and adoption of the RF and
RW strategies, with a p-value of 0.0002, adjusted to 0.0006 (FDR),
and an odds ratio of 4.83, illustrating a higher likelihood of strategy
alteration, accompanied by Cohen’s g of 0.329, indicating a medium
effect size. This highlights a substantial alteration in the learners’
learning strategies, demonstrating a shift from the initially planned
RF strategy to the actual adoption of the RW strategy. However,
the discrepancies between RF and WI and between RW and WI
strategies were not significant, with adjusted p-values of 0.1200 and
0.1490, respectively, and both showcased the odds ratio of 3 and
Cohen’s g of 0.25, pointing to a small effect size and highlighting
that the alterations in these strategy pairings were not as substan-
tial. Hence, while some level of inconsistency between the planned
and adopted strategies was evident, it was particularly pronounced
between the RF and RW strategies.

4.2 RQ2: Prior knowledge and planned
strategies association

The results of the multinomial logistic regression (Table 4) showed
that for the learners who planned to adopt the RW strategy, there
was a significant negative association with pre-test scores (Coef.
= -0.25944, SE = 0.1149, p = 0.0334). This suggests that a one-unit
increase in the pre-test score was associated with a decrease in the
log-odds of choosing the RW strategy relative to the RF strategy.
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Figure 4: Summarization of the clustering analysis and the detected learning strategy groups A. State distribution plot of
SRL processes showing the relative frequency proportion of each SRL process among three clustered groups for the first
100 time-points, where x-axis represents time, and y-axis represents percentage scale. B. Bar chart showing the frequency
distribution of each SRL process for the three clustered groups, where y-axle represents the count. C. State distribution plot
of learning actions showing the relative proportion of each learning action (status) for the first 80 time-points, where x-axis
represents time, and y-axis represents percentage scale. D. First-Order Markov Model comparisons among the three clustered
groups (higher resolution images can be found at this link). The arcs connecting different states are color-coded to indicate
variations in transition probabilities between these groups: Red Arcs represent cases where the transition probability of the
first group is greater than that of the second group; Green Arcs indicate instances where the transition probability of the first
group is lower than the second group’s; and Black/Gray Arcs are used when the difference in transition probabilities between
the two groups is subtle (specifically within a 10 % margin).

Therefore, it can be concluded that prior knowledge was signifi-
cantly associated with the choice of planned strategy, with higher
prior knowledge learners tended to omit adoption of the RW strat-
egy as compared to the RF strategy. Conversely, for the WI strategy,
the association with pre-test scores was not statistically significant

(Coef. = -0.00255, SE = 0.1731, p = 0.9536), implying that pre-test
scores were not significantly associated with the choice of the WI
strategy over the RF strategy.
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Table 2: Comparison between learners’ planned learning strategies and actual adopted learning strategies

Adopted strategies TotalRF RW WI

Planned strategies
Read first then write (RF) 13 29 12 54
Read and write simultaneously (RW) 6 11 9 26
Write intensively, read selectively (WI) 4 3 3 10
Total 23 43 24 90

Table 3: Summary of the McNemar–Bowker symmetry test and post-hoc test results

Comparison Chi-squared (df) p-value p-value Adjusted (FDR) Odds Ratio Cohen’s g

Global Test 22 (3) 0.00006* – 3.85 0.294
RF vs RW – 0.0002* 0.0006* 4.83 0.329
RF vs WI – 0.0801 0.1200 3 0.25
RW vs WI – 0.149 0.1490 3 0.25

Note: The significance level is set at 0.05. The reference category for the outcome variable is the RF strategy under the condition of no plan reported.

Table 4: Multinom Regression Results

Prior knowledge Planned strategies Coef. SE p value

(Intercept) RW 0.511 0.862 0.166
WI -2.378 1.424 0.295

Pre-test score RW -0.25944 0.1149 0.0334*
WI -0.00255 0.1731 0.9536

Note: * denotes significance at the 0.05 level. The reference category for the outcome
variable is the RF strategy.

4.3 RQ3: Planning-making and strategy
adoption, controlling for prior knowledge

Table 5 shows that 112 learners did not submit their plans, and 90
learners submitted their plans. The multinomial logistic regression
(Table 6) showed that reporting vs not reporting a plan and varia-
tions in prior knowledge scores were not significantly associated
with the probability of opting for either RW or WI strategies over
the RF strategy.

5 DISCUSSION AND IMPLICATIONS
5.1 RQ1: Alignment between planned and

adopted learning strategies
The three strategies students actually used echoed the results of
previous studies employing the same clustering techniques within
similar learning contexts [44], thereby reinforcing the reliability of
the observed learning strategies. To examine the extent to which
learners adopted consistent strategies as they planned, a paired
McNemar-Bowker’s Chi-squared test revealed that the learners
who planned the use of the RF strategy exhibited a significant ten-
dency to actually adopt the RW strategy. This finding contributes
to the literature on strategic planning in SRL. Prior studies predom-
inantly emphasized the relationships between strategic planning
and learning performance [28], attainment of course goals [23],
and the adoption of strategic learning processes, including frequent
utilization of learning tactics [10]. While such studies offered valu-
able insights into the predictive nature of strategic planning on
subsequent learning processes and outcomes, the present study
took a different perspective by exploring the extent of compliance
to planned strategies. This divergence between learners’ planned

and adopted learning strategies highlighted the dynamic nature
of SRL. This inconsistency can be attributed to the influences on
regulatory processes, which are shaped not only by pre-existing
learning conditions (e.g., learning resources) but also by the dy-
namic contextual changes as learners proceed with the task [8]. In
other words, learning conditions are kept updating and therefore,
as explained in the COPES model of SRL [49], updated conditions
can shape learners’ perception on the task, and in turn may result
in updated operations [30, 48]. For example, learners may initially
plan to read first (RF strategy), given the task instructions, but
the volume of reading and time constraints can lead to a strategy
adjustment to write while reading (RW strategy).

5.2 RQ2: Prior knowledge and planned
strategies association

Our results showed that the learners with a higher level of prior
knowledge would be less likely to plan to adopt the RW strategy as
compared to the RF strategy. One explanation of this finding is that
learners with high prior knowledge were more confident on the
learning topic and therefore tended to adopt a more linear learning
process (i.e., RF strategy). This can also be supported by the current
literature showing that learners with high prior knowledge tended
to use few learning tactics and less complicated combination of
tactics [32]. From a theoretical perspective, according to the four-
stage COPES model of SRL [49], the learners’ prior knowledge, as
one of the internal conditions, determines their perception of the
learning task (the product in stage 1). This, in turn, can further im-
pact learners’ plans in coordinating learning tactics for subsequent
learning processes (the product in stage 2) [46, 49]. Therefore, our
current finding provides additional empirical evidence, aligning
with Winne and Hadwin’s model of SRL, showing that learning
conditions are related to how learners plan to approach the learning
task. Lastly, this finding could inform the design of supportive mea-
sures on SRL (i.e., SRL scaffolding). As prior knowledge was found
to be associated with strategic planning, designing supportive mea-
sures are suggested to be adapted to learners’ proficiency level on
the learning topic [34]. This can be achieved by, for example, when
the learners’ level of prior knowledge is low, adaptive prompt can
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Table 5: Number of Students in Each Cluster Based on Plan Reported

No Plan Reported (NO) Plan Reported (YES) Total

Read First then Write (RF) 33 23 56
Read and Write Simultaneously (RW) 54 43 97
Write Intensively, Read Selectively (WI) 25 24 49

Total 112 90 202

Table 6: Multinom Regression Results

Input variables Output variable (adopted strategies) Coef. SE OR (95% CI) p value

No plan reported RW 0.422 0.737 1.526 (0.360, 6.47) 0.567
WI -0.179 0.856 0.836 (0.156, 4.47) 0.431

Plan reported RW 0.0751 0.344 1.08 (0.550, 2.11) 0.827
WI 0.2565 0.398 1.29 (0.593, 2.82) 0.606

Pre-test score RW 0.0165 0.0877 1.017 (0.856, 1.21) 0.850
WI -0.0045 0.1019 0.996 (0.815, 1.22) 0.816

Note: The significance level is set at 0.05. The reference category for the outcome variable is the RF strategy under the condition of no plan reported.

be provided to suggest and guide learners to choose more optimal
strategies for the task.

5.3 RQ3: Planning-making and strategy
adoption, controlling for prior knowledge

Overall, we did not find a significant association between plan-
making and strategy adoption as well as between prior knowledge
and strategy adoption. Embedding the planner tool can be seen as
an intervention to stimulate learners to make effective strategic
plans, and previous studies have found a positive impact of offering
the tools on learning engagement and performance [12, 36, 37].
However, the current study showed that inserting the planner tool
did not significantly differentiate the types of strategies adopted.
One explanation can be that different learning engagement does
not necessarily imply different strategy adoption, as selecting learn-
ing strategies can be affected by many factors such as learning
motivation [16] and implementation of SRL scaffolding [24, 26].
Therefore, future research is needed to investigate the extent to
which changes in learning condition predict the adoption of strate-
gies, and to provide more empirical evidences to inform the design
of planner tools which can stimulate effective strategy choice.

We did not identify a significant association between prior knowl-
edge and learners’ actual adoption of strategies. This finding res-
onates with previous studies which also found no significant asso-
ciation [44]. Combined with the findings in RQ2, it is interesting
to note that prior knowledge was found to be significantly associ-
ated with the planned strategy, while not with the actual adoption
of strategies. One explanation is that not only are sophisticated
self-regulated learners capable of planning and adopting optimal
learning strategies for a given task, but they are also capable of
adjusting their learning strategies as they dig deeper into the learn-
ing task. As emphasized by [32], self-regulated learners engaged
in more frequent metacognitive monitoring processes and concur-
rently evaluate if there are any discrepancies between their goals,
plans, and domain knowledge, and they would adapt their plans and
learning strategies when a discrepancy existed. Therefore, given
the recursive nature of SRL, one explanation that prior knowledge

has significant effects on planned strategy while not on actual strat-
egy adoption is that learners kept adapting their use of strategies
based on their ongoing metacognitive monitoring process as well
as their ongoing evaluation on the learning products while they
were engaged with the task [48, 49].

5.4 Implications
This study offers several novel findings that are informative to fu-
ture research and practice. First, as we observed that learners tended
to adopt different strategies compared to their planned ones, the
design of a planner tool should be improved to capture this dynamic
nature of strategy adoption. This can be achieved by, for example,
implementing SRL scaffolding during the task to prompt learners to
check their submitted plan and provide self-regulatory level sugges-
tions. For example, when a learner changed their planned strategy
during a task, adaptive prompts can be embedded in the planner
tool to suggest learners to evaluate the current learning condition
and offer suggestions on optimal strategies. To this end, the planner
tool acts not only as an intervention to support the monitoring pro-
cess but also enriches trace data to reflect learners’ engagement in
monitoring. Second, as learners adopt different strategies than those
they planned, researchers should not solely rely on the planned
strategies that are reported at the early learning stage to reflect on
their overall actual strategy adoption [47]. Lastly, since implement-
ing an easy-to-use planner tool is invaluable for capturing learners’
strategic planning and monitoring processes, future studies should
keep exploring ways to make planner tools more usable. Thus, the
enriched trace data about learners’ dynamic planning process could
inform the design of adaptive SRL scaffolding to support learners’
strategic planning and SRL processes.

5.5 Limitations and future work
First, among learners who submitted their plans, five out of 104
learners changed their plans during the task (i.e., resubmitted a
different plan). One explanation for this small numbermay be due to
the fact that the task was time-limited and learners were pressured
to finish the task so that, even though theymay have a different plan
in mind, they were reluctant to manually re-submit their changed
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plan [45]. While self-reporting changes in planned strategies can
be valuable to investigate, we did not utilize this information for
the current analysis due to the small sample size of students who
submitted changed plans. Therefore, future studies should improve
the design of the planner tool and learning platform so that they
can capture subtle changes of their strategic plan, and based on
which more insights can be offered by examining their adaptation
in making strategy plans. Second, our planner tool was also capable
of allowing the learners to create customized plans if they did not
agree with the three pre-defined strategies listed in the tool. In
our study, two learners submitted their customized plan, but they
were excluded from the analysis given the small sample size of this
group. Future studies should further investigate their SRL processes
with their customized plans. For instance, it would be interesting to
understand if the learners demonstrate higher consistency between
SRL process and their strategic plan when they designed the plan
by themselves.
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