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Abstract: One main goal of research in the learning sciences is to promote autonomous, self-
regulated learners who can make strategic choices during learning. Yet, prior studies have not 
systematically conceptualized, measured, and supported students’ various choices in a way that 
enhances our understanding of how students make choices and how strategic choices can be 
supported. We present the Metacognitive Choice-Making Model of Learning to better 
understand and support students’ fine-grained choices in advanced learning technologies. We 
demonstrate the applicability of the model using an example from an algebra intelligent tutor 
where students made choices on when to use visual scaffolding to aid their problem solving. 

Introduction 

Choice-making as an important construct in learning research  
One major goal of education is to help students become self-regulated learners who can strategically choose to 
engage with resources around them to advance their learning (Schwartz & Arena, 2013). When self-regulated 
learners make strategic choices during learning (e.g., choosing to ask for help during math problem solving), they 
would assess their own state of knowledge and the difficulty of the task (self-assessment: “Is this step too difficult 
for me?”), monitor their own performance (self-monitoring: “Am I doing this right?”, “Am I stuck?”), make 
informed choices (self-control: “I’ll ask for teacher’s help”), and reflect on their choice behavior (self-reflection: 
“did I really need help?”). This cycle mirrors the three-phase model of self-regulated learning (i.e., forethought, 
performance, and self-reflection) where learners engage in processes such as self-assessment and planning, self-
monitoring and self-control, as well as self-reflection and self-evaluation (Zimmerman & Campillo, 2003).  

Measuring and supporting choices using advanced learning technologies  
Advanced, interactive learning technologies provide opportunities for better understanding and supporting 
students’ strategic choice-making behaviors during learning. These technologies, such as Intelligent Tutoring 
Systems (ITSs), enable the collection of fine-grained data on learner-system interactions (Kulik & Fletcher, 2016). 
This data captures not only the detailed choices students make but also the outcomes of those choices, such as 
whether a particular choice leads to correct/incorrect attempts. Further, ITSs could measure students’ behaviors 
in real-time and provide adaptive scaffolding by recommending certain choice behaviors. For instance, a system 
could detect a student’s problem-solving struggles and recommend targeted behaviors, such as choosing to use 
visual scaffolding (Nagashima et al., 2023) to enhance their understanding.  

Past studies using advanced learning technologies have explored and supported students’ choice-making 
during learning (Roll et al., 2011). For example, in studies on “choice-based assessments” in Posterlet, an 
interactive learning environment where students could design a poster and get feedback (Cutumisu, et al., 2015), 
authors have found that, when students were given a choice of seeking either positive or negative feedback on 
their poster design, the frequency of seeking negative feedback was positively correlated with learning gain on 
poster design principles. Past work, however, has not yet conceptualized students’ choice-making behaviors 
systematically. One reason lies in the inconsistent terminology used across studies, such as “choice,” “help-
seeking,” and “tool use” (Chin et al., 2019; Roll et al., 2011, Schwonke, 2013), which influences how studies 
situate their findings in a theoretical background. Another reason is that these studies do not necessarily investigate 
students’ fine-grained, complex choice making in the environment but rather focus their measurements on the 
aggregated data (e.g., overall mean frequency of a certain choice behavior) (Duffy & Azevedo, 2015). Relatedly, 
despite the importance of using temporal data in examining students’ self-regulated choice behaviors (Greene et 
al., 2021), past studies do not provide any insights into how students’ choice behaviors might change over time. 
It is reasonable to think that learners’ adoption of self-regulated choice behaviors is not consistent (Bernacki, 
2017). For instance, learners may first use ineffective strategies to explore the learning environment and may 
gradually learn to use effective strategies as they gain relevant skills. Aggregated data might obscure such 
meaningful changes in the choice behaviors. Addressing these gaps requires a more robust conceptual and 
methodological approach that considers the dynamic and temporal nature of choices during learning. 



 

Metacognitive Choice-Making Model of Learning  
To conceptualize students’ fine-grained choice making (that may change over time) and to guide future studies, 
we propose the Metacognitive Choice-Making Model of Learning (Figure 1), a conceptual model that illustrates 
metacognitive steps in learners’ choice-making processes and behaviors. The model divides the choice-making 
processes into four phases (Pre-Intend, Intend, Choose to Implement/Choose not to Implement, and Reflect): 

(1) Pre-Intend: A learner, when presented with a choice-making opportunity initially in this phase, is 
still not sure whether to invest their effort to adopt a new strategy. (2) Intend: Once a learner recognizes the 
benefits of using the strategy, they would then move to the Intend phase. In this phase, the learner is generally 
interested in using the strategy and understands its benefits and potential drawbacks but has not yet 
used/implemented it. They may also assess the utility value of the task and/or self-efficacy. (3) Choose to 
Implement/Choose not to Implement: In this phase, a learner would show the behavior of either choosing to 
use/implement the strategy or choosing not to use/implement it. (4): Reflect: In this phase, a learner would reflect 
on their choice behavior—of using/implementing the strategy or not—to inform what they would do in the next 
choice-making opportunity (hence feeds back to the Intend phase). 
 
Figure 1 
Metacognitive choice-making model of learning 

 
The Metacognitive Choice-Making Model of Learning was developed by integrating two existing models 

of self-regulated learning and behavior change. Specifically, we integrated Oppezzo and Schwarz (2013)’s four-
stage behavior change model of self-regulation and Zimmerman and Campillo’s cyclic self-regulation model 
(2003). Oppezzo and Schwartz (2013) abstracted behavior change models to create a four-stage model (pre-
intend, intend, implement, and inhabit stages) and discussed its application to self-regulated learning. Under this 
model, the goal of the behavior change is to reach the “inhabit” phase in which learners would sustain the behavior 
so that they would be able to use the strategy without being motivated to do so anymore.  

Zimmerman and Campillo (2003) describe self-regulated learning processes through a cyclical model 
that consists of “forethought,” “performance,” and “self-reflection” phases. In the forethought phase, students 
analyze the presented task and set learning goals accordingly. In the performance phase, students carry out the 
learning task, monitor their own learning processes, and regulate their behaviors based on their observations. 
Finally, in the self-reflection phase, students evaluate their own performance and then react to it to improve their 
performance. If they identify areas for improvement, they may adaptively adjust their strategy use to enhance their 
performance. This cyclical process enables continuous learning and refinement of skills and strategies. 

We based our own model on Oppezzo and Schwatz (2013)’s behavior change model, adapting it to reflect 
the cyclic nature of self-regulated learning in Zimmerman and Campillo (2003)’s model. The Metacognitive 
Choice Making Model of Learning incorporates two distinct characteristics that address critical aspects of 
students’ choice making during learning. First, the model captures the metacognitive processes involved when 
students choose not to engage with a given opportunity for action. For example, in the context of help seeking in 
an ITS, students may strategically decide not to use hints if they think that they can solve the presented problem 
without additional scaffolding (Aleven et al., 2004). This type of strategic no implementation of a strategy is not 
typically outlined in previous models in an explicit way. Yet, explicitly recognizing these moments of strategic 
disengagement helps researchers capture a richer range of student behaviors, as opposed to only accounting for 
instances when students choose to engage with a pre-defined ideal behavior (e.g., Uesaka et al., 2010). Second, 
the model also visualizes the cyclic nature of students’ choice making, in accordance with Zimmerman & 
Campillo (2003). As stated earlier, students’ choices are dynamic and evolve over time (Greene et al., 2021), and 
it is hard to capture such changing behaviors with linear models that are widely used in behavior change literature. 
Traditional behavioral change models focus on maintaining a fixed target behavior (e.g., to quit smoking), rather 
than supporting the process of change/learning, which is central to learning science research (Ajzen, 1991). 



 

Application Scenario: The Case of Algebra Tutoring Software 
We demonstrate the applicability of the model using an example in an algebra ITS where students make choices 
of whether/when to engage with visual scaffolding to aid their conceptual understanding and problem-solving.  

Study context: Algebra tutor with tape diagrams 
We developed an ITS for solving equations in middle-school algebra where students can choose to ask for visual 
scaffolding. As shown in Figure 2, when solving the problems, students can, for each problem-solving step, choose 
to use diagrammatic scaffolding (called “diagrammatic self-explanation,” Nagashima et al., 2021) to aid their 
understanding of how to solve the symbolic equation (by using the “Use Diagrams?” button). If students choose 
to use diagrams, they will then select one option that depicts the correct next problem-solving step in the visual 
form and use it as a reference to work on the same step in the symbolic format (Figure 2, a). As the choice decision 
is up to the learners, they could also keep solving equations without requesting the diagrams (Figure 2, b).  
 
Figure 2 
Algebra tutor with diagrammatic scaffolding that students can choose to engage or not 
 

 

Method 
We conducted a classroom experiment with 140 5th-8th graders in the US. Students were randomly assigned to 
either the Scaffolded Choice (n = 69) or Un-scaffolded Choice (n = 71) condition. In both conditions, students 
used the tutor introduced above, but only in the Scaffolded Choice condition, they received additional 
metacognitive scaffolding that supports choice making. These metacognitive scaffolding included (1) an 
interactive tutorial at the beginning that describes how diagrams could benefit algebra problem solving, (2) 
adaptive recommendations reminding students that they could consider choosing to use diagrams, and (3) a self-
reflection learner dashboard that visualizes the learner’s own problem-solving success rate on steps where they 
requested diagrams vs. steps with no diagrams to facilitate students’ active comparison of their choice behaviors 
(the dashboard did not recommend certain choice behaviors). The dashboard was designed to appear after every 
four problems, showing students their aggregated performance data from those most recent four problems. We 
prepared a pretest and posttest on conceptual and procedural knowledge in algebra. The study took place across 
five consecutive days. Students first worked on the pretest (for 20 minutes). Students then used the respective 
version of the tutor to practice algebra problems. On the last day, students worked on the posttest (for 20 minutes). 

Findings 
This study explored whether the metacognitive scaffolding would help students make strategic choices on when 
to use diagrams and whether it would enhance learning outcomes (see Nagashima et al., 2023). We first compared 
students’ pretest score and posttest score on conceptual and procedural knowledge of algebra in each condition, 
finding that students in the Scaffolded Choice condition outperformed their peers in the Un-scaffolded Choice 
condition on conceptual (𝛽 = .95, t(137) = 2.52, p = .01) and procedural learning (𝛽 = .53, t(137) = 2.08, p = .04). 

We then examined how students made choices within the ITS. On average, students in the Scaffolded 
Choice condition chose to use diagrams less frequently for each step (M = .12, SD = .10) than those in the Un-
scaffolded Choice condition (M = .16, SD = .12), t(135.3) = 2.03, p = .04. However, when we investigated 
students’ diagram use over the course of learning, we found that students in the Supported Choice condition 
seemed to make choices strategically; they tended to use diagrams more often when encountering new problem 
types, with little difference in frequency compared to the Un-scaffolded Choice condition. Conversely, students 
in the Scaffolded Choice condition quickly reduced their use of diagrams when repeatedly encountering the same 



 

problem type, whereas those in the Un-scaffolded Choice condition continued to use diagrams more consistently. 
In other words, students in the Scaffolded Choice condition focused their diagram use on the tasks that are new 
or difficult to them, whereas those in the Un-scaffolded Choice condition did not show any such pattern.  

The application of the Metacognitive Choice-Making Model  
We then annotated our model with descriptions of the metacognitive processes exhibited by successful learners 
in the Scaffolded Choice condition. As shown in Figure 3, students were well-scaffolded (from the Pre-Intend 
phase to the Intend phase) to understand the benefits of using diagrams, therefore smoothly entering the cyclic 
process of self-regulated learning (i.e., from the Intend phase, Figure 3, a). Once in the Intend phase, learners then 
made strategic choices of using diagrams in situations where they thought they would benefit from diagrams (e.g., 
when they encountered a new problem type, (Figure 3, b)) and strategically chose not to use diagrams if having 
diagrams would not offer a strong benefit (e.g., when they kept practicing the same type of problems, (Figure 3, 
c)). Finally, learners had an active opportunity for self-reflection using the dashboard, which visualized their 
problem-solving performance based on whether or not they had chosen to use diagrams (Figure 3, d). This 
reflection process might have led to less frequent overall use of diagrams in the Scaffolded Choice condition. In 
some cases, the dashboard may have shown students that using of diagrams is not helpful for their performance. 
Those students might have formed an intent that they would not use diagrams but still benefited from their focused 
problem-solving practice without diagrams, leading to better learning outcomes. In contrast, students in the Un-
scaffolded Choice condition lacked metacognitive scaffolding and might have overly relied on the visual 
scaffolding without engaging in strategic choice making. As a result, they might have missed the opportunity to 
test and strengthen their algebra problem-solving skills through reflective and intentional practice. 

Also, it is important to note that students’ choice decisions may have changed over time as they used the 
tutoring system (Figure 3, e). For example, it is possible that students initially (in the Intend phase) were interested 
in using diagrams and chose to do so (in the Choose to Implement phase). Yet, as they made progress, they may 
have noticed, through self-reflection (in the Reflect phase), that they could actually solve problems without using 
diagrams and therefore chose to use diagrams less frequently in the later opportunities. 
 
Figure 3 
Annotated Metacognitive Choice-Making Model, showing the metacognitive processes during choice making 

 

Discussion and Conclusion 
We introduced the Metacognitive Choice-Making Model of Learning as a new model to better make sense of 
students’ strategic choice-making behaviors during learning. Unlike previous models, our model captures strategic 
choices of using and not using a certain strategy, making it possible to understand students’ strategic 
disengagement. As well, the model accounts for the cyclic nature of choice making, which helps identify how 
students’ choice making may change over time. As illustrated above, the example case highlighted the importance 
of capturing these processes explicitly. However, we acknowledge that the case illustration of the model does not 
guarantee that the model can be applied to various other forms of choice making or to a wider range of adaptive 
learning technologies. Still, the model offers a guide for future research and interventions that focus on deeply 
understanding and better supporting students’ strategic choice making using advanced learning technology.  
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