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CHAPTER I
1 Introduction

Learning is not simple. It involves a complex set of processes in which students regulate
their learning. The literature defines self-regulated learning (SRL) as the process where students
take control of their own learning, planning, monitoring, and evaluating their progress toward
their goals (Boekaerts, 1997; Butler & Winne, 1995). In this process, their choice of learning
strategies is crucial for effective learning (Bjork et al., 2013). Prior research has found some
learning strategies to be effective, such as retrieval practice, interleaving, and a combination of
worked examples and problem-solving (Carpenter & DeLosh, 2005; Carvalho & Goldstone,
2014; Cull, 2000; Renkl et al., 2004). Still, when undergraduate students regulate their learning,
they can have misperceptions of many of these learning strategies, leading them to use less
beneficial strategies more (Hacker et al., 2000; Kirk-Johnson et al., 2019; McCabe, 2011). Many
college students opt not to use these learning strategies or become disengaged even when a
teacher assigns these tasks as part of an assignment (Blasiman et al., 2017).

This issue is significant, as it may hinder students' ability to reach their learning goals and
full potential. Thus, the first step to addressing this issue and promoting more effective learning
strategy use is to unravel students’ use of learning strategies. What do people believe is the most
effective way to utilize learning strategies? The current study examines how students use two
learning strategies while acquiring new knowledge: studying correct steps and solutions to a
problem and practicing solving it. We investigated how students use these learning strategies to
study different types of probability problems that are assigned different values. This
investigation allows us to catch a glimpse into students’ beliefs about how to most effectively

use these two learning strategies and inform educators and research regarding whether



interventions are needed to guide students’ self-regulated learning when using these two specific

strategies when learning new principles.

1.1 Worked Examples and Problem Solving

In higher education, students encounter many subjects that involve procedural knowledge
(i.e, the ability to execute action sequences to solve problems (e.g. Canobi et al., 2003; Rittle-
Johnson et al., 2001). Procedural knowledge can often be found in subjects such as physics,
chemistry, or mathematics, where students need to use specific formulas or algorithms to solve
specific types of problems. When learning problem-solving procedures, two primary learning
strategies available to students include: problem-solving and studying worked examples.
Problem-solving is a learning strategy where learners are given a problem and asked to generate
a solution on their own, from start to finish, without support. In contrast, with worked examples,
students are given a problem alongside the complete solution, including all the necessary steps
(Cooper & Sweller, 1987).

Prior studies have found that using worked examples before problem-solving is more
beneficial than solely problem-solving for topics ranging from math probability problems to
Geometry theorems (e.g., Cooper & Sweller, 1987; Foster et al., 2018; Kalyuga & Sweller, 2004;
Retnowati et al., 2010; Rourke & Sweller, 2009; Sweller, 1988). The benefits of alternating
between worked examples and problem solving have been found not only in laboratory settings
(e.g., Sweller, 1999; Sweller & Cooper, 1985) but also in learning in real-life classroom contexts
with short-term learning sessions (Carroll, 1994; Ward & Sweller, 1990) and long-term online
sessions (Kalyuga et al., 2001; Kim et al., 2009; Schwonke et al., 2007). A recent meta-analysis
conducted by Barbieri and colleagues (2023) examined the worked example effect in math

learning by synthesizing data from 43 articles, which reported a total of 55 studies and 181 effect



sizes across all studies. Half of the articles were from studies conducted in the US, while the
others were from countries such as Germany, China, and Australia. Despite the wide variety of
contexts and experimental designs, the study found a medium average effect size of worked
examples on mathematics performance outcomes on posttests. These posttests included both
delayed and immediate assessments, covering a wide variety of knowledge types such as
procedural skill in solving algebra and conceptual understanding of decimal magnitude. The
results of the meta-analysis showed that prior study results aligned with the worked examples
effect.

One explanation for this benefit of using worked examples before problem solving builds
on the cognitive load theory (Sweller, 1999), which posits that people have limited cognitive
resources that can be used in processes that can either promote or hinder learning (i.e., germane
and extraneous load, respectively) and student’s prior knowledge and task complexity can impact
this process. Researchers reasoned that worked examples could help students better focus their
limited mental resources on comprehending important solution steps and concepts during the
initial schema acquisition phase (i.e., where students start to learn about problem-solving
procedures and their application) rather than dividing their attention on understanding the steps
and correctly applying it to solve problems simultaneously. This section discussed the benefits of
worked examples. Do students regulate their use of these learning strategies in ways previously

found to be effective?

1.2 Prior Work on the Use of Worked Examples and Problem Solving

1.2.1 Classroom Studies and Overall Choice.



Although novices learn more by alternating between worked examples and problem-
solving, few studies have explored their self-regulated use of these strategies. Recent research by
Tempelaar et al. (2020) observed students' choices in an introductory mathematics course, where
they could attempt problems, request hints, or view fully worked examples for extra credit on
quizzes. On average, students attempted problems 70% of the time and chose worked examples
30% of the time. However, these selections may be affected by the study's design and may only
reflect some real-life learning scenarios. For example, incentivizing accurate problem-solving
and presenting problems before hints or examples may influence students' learning strategy
choices and task perceptions. One might argue that the findings of this study may not extend to
learning situations where students are not rewarded for correct problem solving or need to decide
on which learning strategy to use before proceeding to find learning materials, which can be
common in real-life learning situations.

Other studies investigating students’ use of these learning strategies have also reflected
only some learning scenarios and did not clearly separate between detailed feedback for problem
solving condition and the worked example condition. For example, Lui and colleagues (2019)
conducted a study in an operating systems course about computer algorithms. Students had
access to a program offering problem-solving exercises where they could check their answers or
skip the problem solving to go directly to worked examples. These materials are optional study
tools added to their regular activities that students can access anytime during the pan of the
course. Students, given optional access to these materials throughout the course, overwhelmingly
preferred problem-solving (96%) over worked examples (4%). This aligns with Tempelaar et
al.'s (2020) findings, indicating a strong preference for problem solving. Notably, the study's

design included detailed feedback on problem-solving steps, blurring the distinction with worked



examples. Additionally, only half of the students used the optional materials, potentially
introducing sampling bias and limiting generalizability. While recent classroom studies found a
preference for problem-solving, controlled lab experiments are essential for understanding usage
timing and sequencing patterns.

1.2.2 Task-level Sequential Selection in Lab Settings. Similar to classroom observation
studies, few lab studies have investigated students’ self-regulated use of worked examples and
problem-solving. One such study is by Foster and colleagues (2018), who taught 136
undergraduate students how to solve two types of probability problems. After reading an
instructional text, students engaged in 24 learning trials to study the procedures. In each trial,
they were asked to choose between seeing a worked example or a problem to solve. Foster and
colleagues found that worked examples were chosen less than problem solving (i.e., on average,
28% of the time), and the majority of students selected problem solving as their first task of the
study. However, if students made a mistake when solving a problem, their use of worked
examples in the following trial increased from 19.5% to 32.0% likelihood.

One explanation for these findings, according to Foster and colleagues, stems from the
Monitoring-affects-control hypothesis. This hypothesis posits that students often need to monitor
their learning, using this diagnosis to guide subsequent learning by focusing more attention on
less well-learned concepts (Nelson & Leonesio, 1988). Aligning with the Discrepancy Reduction
model in prior literature (Dunlosky & Herzog, 1998), this reasoning highlights two needs in
students' self-regulated learning: monitoring learning progress and improving mastery. Several
studies support this hypothesis, demonstrating that identifying less well-learned concepts
predicts subsequent restudying (Koriat et al., 2014; Kornell & Metcalfe, 2006). Following this

logic, participants in Foster et al.'s study may choose a problem-solving task to diagnose learning



and subsequently use a worked example to improve their learning after making mistakes. This
aligns with Lui et al.’s (2019) observation that students increased problem-solving use before
quizzes, followed by a decrease afterward.

Zhang and colleagues (2023) conducted follow-up studies to interpret the trend identified
by Foster and colleagues (2018). They suggested students underutilized worked examples due to
material difficulty. In a study, they separated material into difficult and easy levels. In
determining the difficulty level, they gave the material to 16 students and asked them to self-
report cognitive load before conducting the study and used those self-reports to separate the
material into different difficulty levels. Undergraduates chose between worked examples and
problem solving. Results showed a preference for worked examples with difficult material and
problem solving with simpler content. Zhang and colleagues’ design taught students about
solving probability using addition rules with and without intersections. They excluded
participants except only for those who answered the questions about the addition rule with
intersection incorrectly and the remaining questions correctly. In other words, their sample was
highly specific and did not include novices who had no general mastery of the addition rule, as
well as those who were able to solve some of the addition rule with intersection correctly. They
also found that students with more prior knowledge of the worked example effect tended to
choose worked examples more often, while those without prior knowledge preferred problem
solving.

In our previous attempt to replicate trends in students' self-regulated use of worked
examples and problem-solving, we used Foster et al.'s (2018) material and procedure, expanding
the number of probability problem types from two to four for external validity. Results from 78

undergraduates aligned with Foster et al.'s findings, with more choices for problem-solving (on



average 60% of the time). Also, students were more likely to choose worked examples after
incorrect problem-solving attempts. However, unlike prior studies, our sample showed a more

balanced selection between worked examples and problem-solving.

1.3 Perceptions of Worked Example and Problem Solving

Prior literature explored factors that might influence students’ choice between worked
examples and problem-solving. Foster and colleagues (2018) found that students subjectively
favored worked examples, rating them as less difficult, more effective, and preferred than
problem-solving. These subjective ratings are consistent with the misinterpreted effort
hypothesis, which suggests that students may interpret perceived effort as a sign of poor learning,
leading them to avoid strategies that require more effort (Kirk-Johnson et al., 2019; Yeager &
Dweck, 2012). Following this logic, in Foster et al. 's sample, perceiving the learning strategy to
be less difficult and effortful may lead to students feeling that they are learning more using those
learning strategies and building more preference towards worked examples. However, contrary
to post-survey preferences, behavioral data indicated a higher frequency of choosing problem-
solving over worked examples. Our replication study with 78 Vanderbilt students showed twice
as many preferring problem-solving than worked examples. Aligning with the use, students
perceived problem-solving as less difficult yet equally effective as worked examples. Both
Foster et al.’s study and our study found students using worked examples less frequently.
However, Foster et al.’s study found a misalignment between students’ use and belief regarding
learning strategies, while our study did not find that mismatch. Notably, both studies compared
effectiveness and preferences, while the literature suggests that alternating between strategies

benefits learning the most.



Various explanations can be suggested in trying to explain the observed trend of students’
use of worked examples and problem solving. For example, one can argue that problem-solving
is a learning strategy used more often in traditional classroom learning environments. Therefore,
students might become more familiar with using it compared to worked examples. Also,
individual differences in motivation may impact students’ learning task selection in naturalistic
course contexts (Rienties et al., 2019; Tempelaar et al., in press). For example, students vary to a
large degree in how they keep track of the official course schedule, and individual differences in
time management were found to be correlated with individual differences in course performance
(Tempelaar et al., 2018). Prior studies have also found individual differences in the use of
learning resources in a blended mathematics environment and their associations with academic
performance, self-regulated learning strategies, epistemic learning emotions, and activity
learning emotions (Rienties et al., 2019). Among these considerations, a pivotal question
emerges for instructors aspiring to facilitate more effective use of worked examples and problem
solving in students: Do students possess an awareness of the worked examples’ effectiveness,
and to what extent does this knowledge manifest in their self-regulated use of these learning

strategies?

1.4 Theoretical Frameworks

To answer this question, we need to first understand how students regulate their learning.
Recent work by van Gog and colleagues (2020) suggested that self-regulated learners engage in
adaptive task selection, evaluating mental effort and performance in a just-completed task to
guide their decision in selecting the next task, which has appropriate complexity and support

levels. One subjective report of learning previously used in the self-regulated learning domain is



the Judgment of Learning (JOL). This measure is a prediction of the likelihood of the learner
thinks they can complete a similar task successfully in the future (Leonesio & Nelson, 1988).
Researchers have used this measure to capture how well the learning belief they have mastered
the learning content. According to the Monitoring-affects-control hypothesis, students monitor
their learning and devote more attention to the less well-learned concepts (Nelson & Leonesio,
1988). This aligns with the Discrepancy Reduction model, indicating that students dedicate more
time and effort to studying challenging problem types (Dunlosky & Herzog, 1998).

On the other hand, an alternative framework, the agenda-based regulation model (ABR),
provides a more nuanced explanation of students’ self-regulated learning. This model posits that
learners’ study decisions are guided by an agenda that learners develop to prioritize problems for
study, given their goals and task constraints (Ariel et al., 2009). Under this model, students may
choose to focus on studying less well-learned problems if there are no task constraints or specific
goals. However, when faced with constraints like limited time, students may prioritize studying
problems with a higher likelihood of quick comprehension, such as those with low and medium
difficulty levels, over the most challenging ones. Consider a learner aiming to excel on an
upcoming exam. They can maximize performance by constructing an agenda that prioritizes
studying problems that are likely to return the highest reward (Castel, 2007). This agenda-driven
learner will then compare potential study problems to the criteria of this agenda and select
problems for study that meet these criteria.

Given these two models, if we assign higher point values to certain content, the Agenda-
Based Regulation model (ABR) would predict that students will prioritize studying problem
types with higher assigned value. In contrast, the Discrepancy Reduction model would not

anticipate this difference, expecting students to consistently concentrate on studying problems



that are more difficult for them. One of the ways to investigate these contrasting hypotheses
could be the manipulation of students’ goals by making some learning content matter more than
others and observing how students study them. This manipulation is explained in the next

section.

1.5 Manipulation of Assigned Point Values

1.5.1 Manipulation of Assigned Point Values in Study Time Allocation Literature.
A substantial body of previous research has explored the manipulation of assigned point values
to various content. In the memory literature, studies have found that individuals tend to employ
deeper semantic encoding strategies for high-value problems (Cohen et al., 2014; Castel et al.,
2013). When it comes to the allocation of study time, a series of studies found that participants
commonly exhibit a preference for spending more time restudying problems that carry higher
point values (Ariel & Dunlosky, 2013; Ariel et al., 2009; Dunlosky & Thiede, 1998; Soderstrom
& McCabe, 2011). This trend reflects a consistent pattern observed in studies investigating the
impact of point values on memory encoding and study time allocation. For example, Ariel and
colleagues (2009) manipulated the reward structure of the task with objective problem difficulty.
They assigned problems to be worth either 1 point or 5 points in the final test for both easy and
hard items. The result indicated that reward structure drove problem selection more than problem
difficulty, which demonstrates learners’ agendas can override the effects of monitoring problem
difficulty in the allocation of study time.

1.5.2 Manipulation of Assigned Point Values in Study Strategy Selection. Prior studies
have explored student beliefs about learning strategies by manipulating assigned point values.

For example, Toppino and colleagues' (2018) study explored whether students’ preference

10



towards retrieval tasks is affected by the spacing interval and problem difficulty. In study 1,
participants were instructed to study a list of word pairs and chose to restudy, retrieve, or skip
further learning. Retrieval practice was preferred for easier problems with short delay (i.e.,
received the second presentation of an item after two other pairs had been presented), while
restudying was preferred for more difficult problems without long delay (i.e., received the
second presentation of an item after all pairs had been presented at least once). Toppino and
colleagues interpreted this finding as evidence that students preferred retrieval practice when
they had a higher likelihood of successful retrieval during practice recall tasks.

Study 2 assigned some problems more points than others and found that participants
preferred retrieval tasks for higher point values with a long lag, and restudying for higher point
values with a short lag. The researchers reasoned that students have some knowledge of the
benefit of retrieval practice, but they assume that successful retrieval is crucial for self-testing to
produce a benefit. This rationale explains the phenomenon in which students’ how students'
inclination towards retrieval tasks can be influenced by both the spacing interval, or lag, and the
complexity of the problem. Following this logic, a shorter spacing interval between studying and
retrieval practice could increase the likelihood of correct recall, and participants had a higher
chance of correct recall for easier problems than more difficult ones. Since students may have
believed only high accuracy can trigger learning benefits from retrieval practices, their
preference towards retrieval tasks was higher for easier problems and a shorter lag. Students used
the strategies on items with higher assigned values to maximize their final scores, and the
strategy was retrieval practices with high accuracy.

Aligning with this finding, laconelli (2017) also conducted an additional investigation by

deliberately varying the time gap between encountering a problem for the second time. This
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manipulation could provide researchers with deeper insights into students' assumptions regarding
the relationship between the challenge associated with accurately recalling an item and the
benefit of using recall as a learning strategy. They assigned participants to short or long-spacing
groups and presented them with word pairs for a recall test with a 5-minute delay. Similar to
Toppino et al. (2018), each problem had an associated value for correct recall, and participants
could choose to restudy, practice retrieving, or not view the problem again. In the short spacing
condition, learners preferred testing high-value problems more often, while in the long spacing
condition, they preferred restudying those problems.

Other studies have also used this manipulation of assigned point value to assess the level
of appreciation students have for the relative benefits of massed versus spaced practice. A large
body of prior literature has found that distributed or spaced practice leads to better retention
compared to massed practice (Cepeda et al., 2006; Hintzman, 1974). In experiment 3 of Toppino
and Cohen’s (2010) study, they manipulated problem difficulty and the point value assigned to
problems on the final test independently. They found that learners selected spaced practice in
greater proportion with high-value problems compared to low-value problems, and this
preference remained consistent across varying problem difficulties. These findings align more
closely with the agenda-based regulation (ABR) account than the discrepancy-reduction account.
In a broader context, learners' choices seem to be strategic and reflective of theory-based
decisions, indicating an understanding of the relative advantages of massed versus spaced
practice.

Previous research has effectively employed the manipulation of assigned point values to
capture students' beliefs and learning strategy preferences behaviorally. However, there is a gap

in the literature concerning the application of this method to investigate how students self-
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regulate their use of worked examples and problem-solving to optimize posttest performance.
Moreover, studies exploring students' selection of learning strategies have predominantly utilized
word cues, with a notable absence of investigations using math problems as the learning content.
This study aims to address these gaps by employing point value manipulation in the context of
math problems, offering a novel exploration into students' self-regulation of learning strategies

with the goal of enhancing posttest outcomes.

1.6 The Current Study

The current study aims to empirically explore students' awareness of the worked example
effect and how they regulate their use of worked examples and problem-solving for problem
types with different assigned point values. Drawing inspiration from Foster et al. (2018), we
adapted the self-regulated learning condition's overall structure and design. In the current study,
participants read an instructional text about how to solve four different types of probability
problems, followed by studying four blocks with 6 problems each. Although interleaving
between materials was found to be more beneficial for learning by prior research, it would be
much harder for students to track which items are high/low value if they were not blocked.
Considering that interleaving might create additional cognitive demands for students as they
track problem type and problem value at the same time, we decided to use a block schedule.
Before the start of each trial, participants were told whether the problem type studied in that
block was worth 1 point or 5 points on the final test. For each trial, participants chose between
seeing a worked example or solving a problem. We recorded their choices of format for each
problem to assess the self-regulated use of learning strategies, used posttests to assess their

learning, and surveys to assess their perceptions regarding these strategies.
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The current study aims to replicate prior findings and contribute to the field by extending
the current understanding of self-regulated use of worked examples and problem solving.
Specifically, we plan to replicate the findings by Foster et al. (2018) and the study time
allocation literature regarding students’ overall use of worked example and problem solving,
their selection of learning strategy after making a mistake, and how their study time allocation is
related to the content’s assigned point value. At the same time, we integrated the manipulation of
assigned point value from the study time allocation literature and expanded measures and
materials in three major ways. Firstly, in addition to measuring the overall frequency of using
worked examples, we incorporate a measure for switches between learning strategies, aligning
with previous literature that highlights the benefits of alternating between problem-solving and
worked examples. Secondly, recognizing that the worked example effect is primarily observed in
procedural learning, we introduce categorization and procedural learning as exploratory variables
in our posttest. Thirdly, we have derived multiple-choice questions from qualitative data
obtained in a previous replication study, aiming to gain a more nuanced understanding of
students' purposes behind employing each learning strategy.

Furthermore, the current study expands on the original materials by including four types
of problems, representing a broader range of real-life scenarios. This comprehensive approach
intends to contribute substantially to the existing knowledge base on students' self-regulated
learning strategies, particularly in the context of worked examples and problem-solving
scenarios.

Our study aimed to answer three questions:

14



RQ1: Do students use worked examples and problem solving differently when studying
math topics with higher assigned values as opposed to studying math topics with lower
assigned values?
Hla: Students learning high-value problems (5-points) are more likely to switch
between worked examples and problem solving than students learning low-value
problems (1-points).
H1b: Students learning high-value problems (5-points) will use more worked
examples, while students learning low-value problems (1-points) are more likely
to only use problem solving.
RQ2: What do students choose to do after making a mistake while problem solving?
H2: Directly after making a mistake while problem-solving (after they are
provided accuracy feedback), students will more often opt to study worked
examples than if they got the preceding problem correct.
RQ3: Do students spend more time studying math topics with higher assigned values as
opposed to studying math topics with lower assigned values?
H3: Students will spend more time in seconds studying math topics with higher
assigned values compared to studying math topics with lower assigned values
We also explored whether the judgment of learning (JOL) predicts students’ subsequent study
strategy selection. How is this relationship affected by the assigned point value? We predict that
following a high JOL, students will use more problem solving, whereas, following a low JOL,
students are more likely to use more worked examples. Also, our exploratory question includes

whether students are effectively maximizing their posttest scores using their self-regulated
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learning. We hypothesize that students will have higher solution accuracy and problem

categorization for higher-value problems than for lower-value problems.
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CHAPTER 11
2. Method
2.1 Participants

We recruited Vanderbilt undergraduate students who participated for course credit via the
SONA online platform. After excluding participants who reported unreasonable answers, such as
inputting probability that is greater than 1, to more than 3 problems in a roll (2 participants), our
analytic sample was 36 participants. The current study was pre-registered and approved by the
IRB.

After the study, all participants were asked to report their demographic information,
including age, gender, and ethnicity. Of the analytic sample, the majority of the participants were
women (52.78%), with 47.22% men. Also, the sample was 50% White, 33.33% Asian, and
8.33% Black, with 2 participants reporting as Biracial. 8.33% of participants considered
themselves to be Latino.

2.2 Materials

The material in this study taught participants about solving four types of probability
problems: order relevant, order irrelevant, addition relevant, and addition with interaction. We
used a brief instructional text to teach the material, which is the four types of probability
problems, one after another. Part of this instructional regarding order relevant and order
irrelevant problem types was adapted from Grofe & Renkl (2007), with minor word changes for
clarity. Using a similar format, our research team created instructional texts for addition relevant
and addition with interaction problem types. The text contains explanations of the characteristics
of the specific problem types, general steps to solving them, and example problems with

solutions and descriptions of the steps.
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For the treatment phase, there were six problems for each type of probability problem, 24
in total. The majority of the problems were adopted as is from Foster et al. (2018), Gro3e and
Renkl (2007), and Pillai et al. (2020), with 2 created by the research team with similar levels of
difficulty. These problems are opportunities to study the content. Our material consisted of a 16-
problem posttest, in which we adopted eight problems as is from Grofe & Renkl (2007), which
they marked as “near-transfer” and created another eight problems with similar levels of
complexity. The material also contains a post-survey, adapted from Grof3e and Renkl (2007),
with several questions added by the research teams, explained in the measurement section.

Of the 24 problems in the treatment phase, each problem was presented in two formats. The
formats were worked examples and problem-solving. The worked example format, adapted from
Grof3e and Renkl (2007), Foster et al. (2018), and Pillai et al. (2020) provided students with a
problem, correct steps, and answer. To track participant engagement, the answer statement was
designed with a fill-in-the-blank question, as illustrated in Figure 1.

Figure 1.

Example of a Study Phase Probability Problem in Worked Example Format

Fran and Tom are playing golf. Fran has a 16% chance of getting on the green in one stroke and Tom has a 15%
chance of getting on the green in one stroke. Fran is first to tee off. What is the probability that both Fran and
Tom are on the green each in one stroke?

Steps:

This is a Multiplication Order Rel t Problem

1. Wanted outcome: p(Fran is on the green in one stroke and Tom is on the green in one stroke).

2. p(Fran is on the green in one stroke) = .16; p(Fran is on the green in one stroke) = .15

3. p(Fran is on the green in one stroke and Tom is on the green in one stroke) = .16 x .15 = .024

Answer: The probability that both Fran and Tom are on the green eachin ____ stroke is p = .16 x .15 = .024

Type out the missing word in the blank (* ") above:

The problem-solving format provided the problem and feedback. Feedback for correct
solutions was "Correct!" and for incorrect solutions, it included the problem type and general
solution for that problem type. The general solution was different from the solution in the

worked example format. For example, a participant who provided incorrect answers in the
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problem solving format for order-relevant problems would receive a text containing, “Sorry, that
was not correct. This was a multiplication order-relevant problem, and in general, can be solved
by multiplying the odds of the two events.” Please refer to Figure 2. to see the three formats of
the same problem.

Figure 2.

Comparison Of a Study Phase Probability Problem in Worked Example Format and Problem

Solving Format

Correct Worked Example ~ Problem Solving

James has a bag containing 10 Skittles. Two of e James has  bag containing 10 Skittes. Two of the
Siitties aro purplo. What is the probabiity that James first Skittios are purple. What is e probability that James fest
picks & purpie Skittie from the bag, puts it back, and then picks 8 purple Skittie from the bag. puts it back, and then
picks a Skitle that is not purple the second time? picks a Skitte that is not purple the second time?
Coroct

1. Quested: p(James picks a purple Skittle first, puts it

back, and then picks & Non-purple Skittie).

2. plJames picks a purple Skittie) = 2/10; p{James picks &

non-purple Skittie) = /10

3. plJames picks a purple Skittie first, puts it back, and

hen picks & non-purple Skitse) » 2/10 x 810 » 161100

=16

Answer: The probability Shat James first picks & purple

Sittie from the bag, puts 1t back, and then picks a Skie

that is not purple the second time is p = 2/10 x /10 = .16

2.3 Procedure

The study was administered online via the Qualtrics platform, where students select a
time to complete the study at their convenience. The study began with a brief introduction of the
purpose of the current study, including each stage while reminding participants that their
participation is voluntary and they can withdraw with no penalty, following the IRB guideline. In
addition, the introduction asked students to find a suitable location and supplies (e.g., pen and
calculator) to start the study.

After the introduction, all participants read the instructional material for at least six
minutes, which consisted of three pages describing how to solve four types of probability

problems. Participants were free to move back and forth between pages. Once participants had
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spent six minutes on the instructional text, they read study instructions that explained how to
engage in the treatment phase and the problems within them. The study instructions explained
each format in general terms and how students should submit their answers when problem
solving (i.e., rounding decimal places and simplifying fractions). Students then rated how well
they understood the instructions for how to solve the four problem types.

Then, in the self-paced treatment phase, they are given 24 problems, six for each type of
problem, one after another in block order, to study the problem-solving procedures in the
instructional text. Please refer to Figure 3 for the structure of each block. We addressed order
effects by randomizing the order by pairs: order relevant and order irrelevant, as well as addition
relevant and addition with interaction. The order of the pairs and within the pairs were
randomized, as well as the six problems within each block corresponding to each problem type.
For each problem, participants could choose between a correct worked example or problem-
solving. Four attention check questions were randomly inserted into the self-paced treatment
phase.

Figure 3.

Experimental Procedure during Learning Phase for Each Type of Probability Problems
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This probability problem type is woth 1/5 point(s) in the posttest

Worked F)(.\m|7lr»>’<¥l in the 8m>

Problem Solving

Probability Problem Type A

Rate Jud f Lea
Leaming ftem 1 ate Judgment of Leaming (JOL)

Worked E mmpD-}é!l in the an>

Probabiiity "’0’;'9’“ Type A Rate Judgment of Leaming (JOL)

Learning Item

Problem Solving

Learning Items 3, 4, 5, 6

Experimental manipulation happens during the self-paced treatment phase as students
engage with each block. Our within-subject manipulation contains two conditions: high-value
problems (5-points) and low-value problems (1-points), with 12 trials/2 blocks per value. Before
the start of each block containing six learning problems, participants were told whether the
problem type studied in that block was worth 1 point or 5 points in the posttest. We first made
pairs of probability problem types: order relevant is paired with order irrelevant (both using the
multiplication rule); addition (mutually exclusive) is paired with addition with intersection (both
using the addition rule). Then we assigned one of these pairs to be the high-value problems,
which students were told to be worth 5 points in the posttest, whereas the other pair was assigned
to be the low-value problems (1-points), which students were told that these problem types are
only worth one point in the posttest. We counterbalanced for order effect and the assignment of
point values to different problem types. After studying each problem using the selected format,

students also answered a judgment of learning (JOL) problem.
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After the treatment phase, participants completed the 16-problem posttest in a problem
solving format. Also, participants answered a post-questionnaire regarding their preferences,
perceived difficulty, and effectiveness of the three learning strategies. Additionally, a multiple-
choice question asked participants to explain why they decided to use or not to use each learning
strategy. Please refer to Figure 4 for the overall procedure.

Figure 4.

Experimental Procedure Illustration

Introduction Postiest

WOrth 1 port n Posmest
l [ ) l
Probabéity Problem Type A

6 Minutes Studying

Post-survey

rom Foster et al . (2018)

x Use

Demographic

2.4 Measures

Several measures were used to assess participants' self-regulated use of learning
strategies, learning, and their preferences and perceptions of the learning strategies.

2.4.1 Comprehension of the reading material. We asked students to rate their
understanding of the instructional material after spending at least six minutes reading it (i.e.,
“Please rate how well you understood the instructions for how to solve the four problem types”).
Students rated on a 5-point Likert scale, with 1 being “I did not understand the instruction at all”

to 5 being “I completely understood the instruction.”
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2.4.2 Use of learning strategies. The students' utilization of learning strategies during the
treatment phase, involving the 24 problems, was systematically recorded based on their choices
among various formats. Specifically, the study quantified the percentage of trials in which
students opted for worked examples. Additionally, the analysis included tracking the number of
strategy switches, defined as instances where the choice differed from the preceding one (with a
maximum possible score of 11). Furthermore, the research examined students' strategy choices
following both incorrect and correct problem-solving attempts by calculating, for each
participant, the percentage of selecting a worked example after an incorrect problem-solving
attempt and the percentage of selecting a worked example after a correct problem-solving
attempt.

2.4.3 Study Time. We conducted calculations to determine the cumulative time,
measured in seconds, that students invested in each trial, irrespective of the trial format (worked
examples or problem solving). This analysis was carried out separately for high-value problems
and low-value problems. It's essential to note that the time spent by students in selecting the trial
format and responding to the Judgment of Learning question was not incorporated into this
specific measure.

2.4.4 Task level Judgment of Learning (JOL) [exploratory]. After every problem in the
self-paced treatment phase, students answered the question adapted from Ackerman (2014),
"How likely do you feel you are to solve this type of probability problem correctly on a future
test?" by rating from 0 to 100, with 0 meaning "a 0% chance of solving this problem type
correctly” and 100 meaning "a 100% chance of solving this problem type correctly." Two

distinct averages were calculated: one for the Judgment of Learning (JOL) rating on trials
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preceding the choice of worked examples, and another for the JOL rating on trials preceding the
choice of problem-solving.

2.4.5 Learning in posttest [exploratory]. We evaluated students' learning through the 16-
problem posttests, assessing accuracy in a two-step process. Firstly, participants identified the
category of the probability problem type in a multiple-choice question. Subsequently, they
solved the problems and entered their solutions. Three types of accuracy were computed: overall
accuracy, based on the match with the answer key; categorization accuracy, evaluating correct
categorization of the problem type; and procedural accuracy, assessing whether the typed answer
matched the solution expected based on the self-selected probability problem type. Participants
earned 1 point for correct responses and 0 for incorrect ones in each accuracy category. (For the
8 multiplication rule problems, the Cronhach’s Alpha was .859. For the 8 addition rule problems,
the Cronhach’s Alpha was .571),

2.4.6 Strategy preference [exploratory]. After reminding students about problem solving
and worked examples in general terms, we asked students, “Which of these two formats did you
prefer?” Students reported their preference by selecting one of the two formats, either “worked
example” or “convention problem solving” (adopted as is from Foster et al. (2018)).

2.4.7 Perceived effectiveness and difficulty [exploratory]. Incorporating measurements
used by Foster et al. (2018), we also asked students to report their perceived effectiveness and
difficulty for each strategy on a 7-point Likert scale. For example, for perceived effectiveness,
we asked, “How effective do you think the [strategy] was for learning how to solve probability
problems?” with 1 being “extremely ineffective” and 7 being “extremely effective.” For

perceived difficulty, we asked, “How difficult was it for you to understand how to solve the
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probability problems when they were presented in the [strategy] format?” with 1 being
“extremely easy” to 7 being “extremely difficult.”

2.4.8 Reason behind strategy choices [exploratory]. To understand students’ reasons
behind their strategy choices, we created a multiple-choice question. In the post-survey, students
answered this question, "If you used [study strategy|, why did you use it? Select all that apply."
We calculated the percentage of students who selected each option, for each study strategy.

e [ did not use worked examples.

e [ used it to improve my understanding of the steps.

e Tused it to check how well I understood the steps.

e Tused it to improve my application of the steps to new problems.
e T used it to check how well I can apply the steps to new problems.
e T used it to improve my memorization of the steps.

e T used it to check how well I memorized the steps.

e Others
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CHAPTER III
3 Result

3.1 Effect of Point Value Assignment on Learning Strategy Use

To examine whether point assignment had an effect on student’s selection of learning
strategy, specifically the number of switches between learning strategies and the overall use of
worked examples, we conducted separate t-tests (shown in Table 1 along with descriptive
statistics). On average, when studying problem types with 5 assigned points, participants
switched between learning strategies significantly more frequently than when they studied
problem types with only one assigned point (cohen’s d = 0.57). We conducted a series of follow-
up analyses and found this relationship is not affected by which problem types students are given
first (#35) = 1.59, p = 0.12), nor by which specific problem type was assigned a higher point
value (F(1, 34) =0.035, p = 0.852). A trial-by-trial plot revealed that this rate of switching
remained stable throughout the process, see Figure 5.
Figure 5.

A Trial-by-trial Plot Showing the Rate of Switching Throughout Study Phase

== 5points == 1 point

35
30
25

20

10
5

1.2 23 3.4 45 56 6_7 7.8 8.9 910 10_11 11_12

Total number of switches for each problem (36 max)

Regarding the frequency of selecting worked examples, students, on average, selected

worked examples 43.52% of the time (Mean count out of 24 = 13.56, SD = 7.99). Regarding the
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overall use of learning strategies, a paired-sample t-test yields a nonsignificant result (#35) =
3.11, p=0.251). Overall, among the 36 participants, four selected only worked examples
regardless of assigned point value, and two participants selected only problem solving. The table
below breaks down the number of people selecting only one learning strategy by condition.
Table 1.

Descriptive Table Containing the Number of People Selecting Only One Learning Strategy by

Condition

X%(count) 1 point 5 point Throughout
Worked example 13.89% (5)  16.67% (6) 11.11% (4)
only

Problem solving  8.33% (3) 19.44% (7) 5.56% (2)
only

However, we did not find a significant overall difference in students’ use of worked
examples for problem types with higher assigned point values and lower assigned point values.
Analysis showed that this relationship was also not affected by which specific problem type was
assigned a higher point value (F(1, 34) = 0.175, p = 0.679). A trial-by-trial plot revealed that the
average frequency remained stable throughout the process, see Figure 6.

Figure 6.
A Trial-by-trial Plot Showing the Average Frequency of Selecting Worked Examples Throughout

Study Phase
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Table 2.

3 4 5

6 7 8 9 10 1" 12
Trial Numbers

Descriptive Statistics and T-tests Comparing Number of Switches Between Learning Strategies

and Overall Frequency of Using Worked Examples Between Problem Types with Higher and

Lower Assigned Point Values.

5 points 1 point «df) p
M (SD) M (SD)
# of switches (max 3.49 (2.68)  2.06 (2.29) 3.43(35) .002
=11)
overall use of 528 (4.05)  5.17 (4.50) 217(35) .829

worked example

(max = 12)

3.2 Effect of Problem Solving Accuracy on Subsequent Selection of Worked Example

To examine whether problem solving accuracy predicted different frequencies of using

worked examples afterward, we conducted a paired sample t-test with a percentage selecting

worked examples after incorrect versus after correct trials. For this analysis, we excluded 7
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students who got all trials correct, all trials incorrect, or always chose worked examples. We
found a marginal effect of problem solving accuracy where directly after making a mistake while
problem-solving and being provided accuracy feedback, students are marginally more often
choose to study worked examples (M = .351, SD = .35 ) than if they got the problem solving
right (M = .257, SD = .27) (1(28) = 2.00, p = 0.055, cohen’s d = 0.37). Our follow-up analysis
revealed that this relationship was not affected by point value assignment (F(1, 20) = 0.007, p =

0.937).

3.3 Effect of Point Value Assignment on Study Time Allocation

To examine whether point assignment had an effect on students’ study time allocation,
we conducted a paired sample t-test with time in seconds students spent studying math topics
with higher assigned values compared to those with lower assigned values. On average,
participants spent significantly more time studying problem types with higher assigned values (M
=728.80, SD = 449.72) than studying problem types with lower assigned values (M = 491.06,
SD =287.56)(1(35) = 4.26, p < 0.001, cohen’s d = 0.709, see Figure 7). Exploratory analysis
showed that, across the 24 problems, students, on average, spend more time doing one problem
solving problem (M = 47.09, SD = 16.34) than doing a worked example problem (M = 34.71, SD
=20.77) (t(24) = 2.40, p = 0.025, cohen’s d = 0.48).
Figure 7.

Boxplot of Total Study Time by Condition
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for each condition (in seconds)

Total time

Conditions of Point Assignment

3.4 Exploratory: Task level Judgment of Learning (JOL) Preceding Each Learning
Strategy

We explored whether the judgment of learning (JOL) predicts students’ subsequent study
strategy selection. Specifically, we averaged the JOL scores preceding the use of a worked
example and compared it with the average of JOL scores preceding the use of problem solving,
and we expected the average JOL scores preceding the use of a worked example to be lower than
the average of JOL scores preceding the use of problem solving. However, the paired sample t-
test revealed no significant overall difference in JOL score preceding worked examples (M =
56.11, SD = 26.62) compared to preceding problem solving (M = 59.03, SD =27.17) (t(29) =
1.478, p = 0.150). Two-way repeated ANOVA also revealed that this relationship was not

affected by the assigned point value (for the main effect of point assignment, F(1,35) =.252, p
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=.62; for the main effect of learning strategies, F(1,35) = .141; for the interaction, F(1,35)

= 324, p=.573).

3.5 Exploratory: Effect of Point Value Assignment on Posttest Score

To explore whether students were effectively maximizing their posttest scores using their
self-regulated learning, we conducted a paired sample t-test comparing students’ posttest
problem solving accuracy for problem types with higher assigned point values and problem types
with lower assigned point values. If students effectively maximize their posttest scores, they will
have higher problem solving accuracy for higher-value problems than for lower-value problems.
However, the analysis did not find a significant difference in the posttest problem solving score
between problem types with different assigned point values (#(35) =-1.015, p =0.317). We
conducted subsequent ANOVA analysis and found that this relationship was not affected by
which specific problem types were assigned higher point values (F(1, 34) =2.820, p =0.102). At
the same time, people’s posttest score did not differ significantly between problem types ((#(35)
=1.293, p = .205). Additionally, Pearson’s correlation analysis found that the number of
switches between learning strategies (7(36) = .027, p = .874) and the amount of time students
spent studying (#(36) = .155, p = .367) cannot significantly predict students’ posttest problem
solving scores. However, the frequency of using problem solving was positively correlated with
posttest problem solving scores ((36) = .431, p =.009).

In addition to scoring problem-solving accuracy which reflects procedural learning, we
also assessed students’ posttest categorization accuracy using multiple-choice. We used paired-
samples t-test and found that students had higher categorization accuracy for higher-value

problems (M = 5.83, SD = 2.007) than lower-value problems (M = 5.028, SD = 1.874) (#(35)
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= 2.53, p=.016). We conducted subsequent ANOVA analysis and found that this relationship
was not affected by which specific problem types were assigned higher point values (F(1, 34)
=.559, p = 0.46). Our follow-up analysis also found that the number of switches between
learning strategies ((36) = .107, p = .536) and the amount of time students spent studying (#(36)
=-.159, p = .353) did not significantly predict categorization accuracy. However, the frequency

of using problem solving was positively correlated with categorization accuracy (r(36) = .441, p

=.007).

3.6 Exploratory: preference, perceived difficulty, perceived effectiveness

About half of the participants (52.78%) selected problem-solving as their preferred
learning strategy, see Table 3. Paired-sample t-test revealed that participants rated worked
examples as significantly less effective (M = 4.25, SD = 1.73, #(35) =2.32, p <.05) than
problem-solving (M = 5.25, SD = 1.31). They also rated problem-solving (M = 4.56, SD = (0.22)
as more difficult than worked examples (M =2.78, SD = 1.61) (#(35) =4.81, p <.001. These
findings differ from Foster et al.'s investigation, where students rated worked examples as more
effective and preferred than problem solving.
Table 3.
Descriptive Data of Students’ Self-reported Preference, Perceived Effectiveness, and Perceived

Difficulty for Each Learning Strategies

Problem-solving Worked Example

Preference 52.78% 47.22%

Effective Rating  5.25 4.25
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Difficulty Rating 4.56 2.78

To explore whether students use the study strategy they perceive as more effective and
less difficult more frequently than the study strategy they perceive as less effective and more
difficult, we conducted separate Pearson correlations (see the table below). The analysis revealed
no significant correlation between students’ overall frequency of using worked examples and
their perceived effectiveness of worked examples or problem solving, nor with their perceived
difficulty of worked examples. However, we found a significant positive relationship between
learning strategy preference and selection in which students reporting preferring worked
examples over problem solving used worked examples more frequently than those preferring
problem solving (#(36) =.709, p = <.001). Pearson correlation also showed a significant positive
correlation between students’ overall frequency of using worked examples and their perceived
difficulty for problem solving ((36) = .472, p = .004), in which students who consider problem
solving to be more difficult are also more likely they were to choose worked example as an
alternative. Additionally, Pearson correlation analysis did not find a significant correlation
between students’ perceived difficulty and perceived effectiveness for worked examples or
problem solving.

Table 4.

Correlation Table for Students’ Post Survey Rating and Frequency of Using Worked Examples

correlation WE WE PS WE PS
coefficient (p-  Preference  Effectiveness Effectiveness Difficulty Difficulty

value) Rating Rating Rating Rating
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WE use in % 709%#** .083 112 -.233 AT72%*

WE Difficulty / -.144 / / /
Rating

PS Difficulty / / .049 / /
Rating

Preference / 253 -.182 -219 .192

Note. *<.05, **<.01, ***<.001

3.7 Exploratory: Reason behind strategy choices

We also investigated what students selected to be the reason for selecting worked
examples and problem solving. In this question where students are allowed to make multiple
selections, we expected that the more frequently selected answers for worked examples would be
related to understanding while the more frequently selected answers for problem solving are
related to applying and checking. When asked why they used worked examples, as shown in
Figure 8 descriptively, 22 out of 36 participants reported using worked examples to improve
their understanding of the steps, and 18 participants selected used it to check how well they
understood the steps. While the top two most frequently selected answers are related to
understanding the steps, one regarding improving mastery and another regarding monitoring,
some students also selected other reasons for using worked examples related to memorization

and application.
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Figure 8.

Bar Graph of Students’ Selected Reasons of Using Worked Examples
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On the other hand, when asked why they used problem solving, as shown in Figure 9
descriptively, 22 out of 36 participants reported using problem solving to check how well they
understood the steps, and 20 participants selected used it to check how well they can apply the
steps to new problems. While the top two most frequently selected answers are related to
monitoring, one regarding understanding and another regarding application, some students also
selected using problem solving to improve their mastery.

Figure 9.

Bar Graph of Students’ Selected Reasons of Using Problem Solving
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CHAPTER 1V
4. Discussion

Effective use of learning strategies is crucial for self-regulated learning, lending
importance to research on how students self-regulate their use of learning strategies. Previous
research has shown that novice learners benefit more from using worked examples before
problem solving than problem solving alone (e.g., Cooper & Sweller, 1987; Foster et al., 2018;
Kalyuga & Sweller, 2004; Retnowati et al., 2010; Rourke & Sweller, 2009; Sweller, 1988). Still,
Foster and colleagues found that the students choose to use more problem solving overall (Foster
et al., 2018). The current study expanded the material by Foster et al. and examined how
undergraduate students regulate their use of worked examples and problem solving when
learning problem solving procedures for probability problems that are assigned different point
values. We provided opportunities for Vanderbilt undergraduate students to learn how to solve
four types of probability problems that are assigned either high or low point values using
instructional materials with 24 problems. For each problem, students were asked to select
between worked examples and problem solving. Students also reported their subjective ratings
regarding these learning strategies.

Results revealed that although students’ overall selection of worked examples did not
differ between problem types with different assigned point values, they made more switches
between the two learning strategies when they were studying probability problem types with
higher assigned point values than problem types with lower assigned point values. After making
a mistake while problem-solving, students more often opted to study worked examples than if
they solved the problem correctly. Also, students spent more time overall studying problem types

that are worth more points and had higher categorization accuracy at posttest than problem types
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that are worth fewer points. In their subjective ratings, students rated problem solving as more
difficult and more effective than worked examples, and we found the number of students
reporting a preference towards worked examples is roughly the same as the number of students
preferring problem solving.

Exploratory data showed that students reporting a preference towards worked examples
used this learning strategy more frequently than students preferring problem solving. Also, the
more difficult students perceive problem solving to be, the more frequently they use worked
examples. When asked why they selected each learning strategy, the top two frequently selected
answers for worked examples included using it to improve and check their understanding of the
steps, while the top two frequently selected answers for problem solving included using it to
check how well they understand and can apply the procedure. Thus, students reported using both
learning strategies for the purposes of monitoring and improving mastery. This study extends
previous research on the approaches students take to learn problem types with different assigned
points and delves deeper into understanding students’ strategic decisions related to their use and

beliefs regarding worked examples and problem solving.

4.1 Study Time Allocation

The results of this study indicate that students allocated more time to studying probability
problems with higher assigned point values than probability problems with lower assigned point
values. This result is consistent with the Agenda-Based Regulation model (ABR) and the study
time allocation literature, which found that people tend to spend more time studying word pairs
with higher assigned point values (e.g., Ariel et al., 2009; Cohen et al., 2014; Castel et al., 2013;

Dunlosky & Thiede, 1998; Soderstrom & McCabe, 2011). Additionally, participants in the
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current study took significantly longer to study a probability problem using the problem solving
format compared to the worked example format, which is also in line with prior literature
(Sweller, 2006).

However, the current study did not find that longer study time predicted higher posttest
performance. Some studies in the study time allocation literature also failed to find this link
between increased study time and higher posttest performance (Ariel et al., 2009; Soderstrom,
2011). Another possible explanation could be that people with lower prior knowledge on a
probability problem type can find it to be harder to learn, which might in turn lead them to spend
more time studying those problems they find more difficult. Without a pre-test, we are unable to
capture students’ prior knowledge, which limits our ability to measure knowledge growth from
the beginning to the end of the study. Although students might have improved their knowledge
of the content by spending more time studying, this difference might be difficult to detect from a
posttest if they started with lower prior knowledge. Future studies might consider either
incorporating a pre-test or an approach used in prior literature where JOL is used as an indicator
of perceived task difficulty and investigating whether students spend more time studying

problems that are more difficult for them (Ariel et al., 2009).

4.2 Use of Learning Strategies

The results of this study indicate that students used worked examples in similar
frequencies across the higher assigned point value condition and the lower assigned point value
condition. However, they increased their frequency of making switches between selecting
worked examples and problem solving when studying probability problem types that were

assigned to be worth 5 points in the posttest compared to when studying problem types that were
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assigned to be worth 1 point in the posttest. However, their frequency of choosing worked
examples did not differ across the higher assigned point value condition and the lower assigned
point value condition. One might argue that this pattern of behavior potentially reflects two of
students’ beliefs: 1) How can the two strategies be used together more effectively? 2) are worked
examples a better learning strategy than problem solving? Our interpretation of students’ beliefs
builds on a crucial question: Are students being strategic in using their knowledge of the learning
strategies to try to maximize their performance? If students are not being more strategic or
merely operating on the Discrepancy Reduction model (Dunlosky & Herzog, 1998), we would
expect to see no difference between students’ learning behavior across all problem types
regardless of the assigned point value. However, in line with the large body of literature on
Agenda-Based Regulation model (ABR) using study time allocation where people spend more
time studying word pairs with higher assigned point values (e.g., Ariel et al., 2009; Cohen et al.,
2014; Castel et al., 2013; Dunlosky & Thiede, 1998; Soderstrom & McCabe, 2011), students in
the current study behaved differently studying math problem types, spending more time and
making more switches between learning strategies when studying problem types that were worth

more points in the posttest.

4.2.1 The Number of Switches Between Learning Strategies

Based on the assumption that students are trying to be more strategic when studying
problem types with higher assigned values, how might their selection of learning strategies
inform researchers regarding their belief about worked examples and problem solving? Firstly,
one could argue that students’ belief that interleaving those learning strategies is beneficial for

learning is reflected in their choices of making more switches between worked examples and
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problem solving when learning problem types with higher assigned values. Students’ belief
aligns with evidence on the advantages of studying worked examples in combination with
problems (Booth et al., 2013; Sweller, 2006) compared to problem-solving alone, particularly for
novices. Barbieri and colleagues found that worked examples have a positive and moderate
effect on students’ mathematics learning across the school years in a meta-analysis, supporting
interleaving problem-solving practice with worked examples (Barbieri et al., 2023).
Complimentary to analyzing the number of switches, the current study also found descriptively
fewer students selecting only problem solving or only worked examples for problem types with
higher assigned point values than with lower assigned point values. This observation is also
consistent with the possibility of students believing interleaving problem-solving practice with
worked examples is a more effective approach. Students seemed to be, at some level, effectively
self-regulating their learning.

Students’ self-report reasons for selecting the learning strategies may also lend a
perspective into understanding their switching between worked examples and problem solving.
While for both worked example and problem, there are more than one-fourth of the participants
selected monitoring and improving mastery as their reason for choosing the learning strategies,
the two most frequently selected answers for worked examples revolve around improving and
checking their understanding of the steps, while the top two frequently selected answers for
problem solving included using it to check how well they understand and can apply the
procedure. Combining these reasons with the Monitoring-affects-control hypothesis (Leonesio &
Nelson, 1988), one might interpret the data in ways similar to Foster and colleagues’
interpretation (2018), where students use worked example to understand the steps, then use a

problem-solving task to diagnose learning and subsequently use a worked example to improve
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their learning after making mistakes. In line with this interpretation, prior studies have found that
using problem solving after worked examples improves monitoring and regulation accuracy
compared to worked examples alone (Barrs et al., 2014; Barrs et al., 2017). Participants in the
current study may have attempted to gain a deeper understanding of the content and ensure they
could solve the problem correctly by switching more frequently between the two learning
strategies.

An alternative explanation could be that the more frequent interleaving problem-solving
practice with worked examples observed for problem types with higher assigned point values is a
result of students extending their knowledge of the interleaving effect. Prior literature has found
that students have some level of knowledge regarding the benefit of interleaving over blocked
content (Lu et al., 2021). Since the current study did not allow students to self-regulate the order
of learning content, one could argue that instead of interleaving the content, students interleaved
learning strategies since those were the only things they had control over. To address this
alternative explanation, future studies could consider including open-ended questions to directly

survey students’ rationale behind switching between learning strategies.

4.2.2 The Frequency of Choosing Worked Examples

The current study did not find a significant difference between students’ overall use of
worked examples and problem solving. This result failed to replicate prior studies where students
chose worked examples significantly less frequently than problem solving (Foster et al., 2018;
Adler et al., in process; Zhang et al., 2023). One potential explanation of this inconsistency could
be the inclusion of the task-by-task judgments of learning (JOL) a measure, rather than an overall

JOL, embedded in the treatment phase which was not included in the previous studies on self-
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regulated choice of worked example and problem solving. Prior literature on JOL reactivity has
found that having participants perform JOL may improve their monitoring processes and
decrease the likelihood that participants will engage in ineffective learning practices (Double et
al., 2017). The inclusion of the task level JOL where participants are constantly asked how likely
they will successfully solve the probability problem in a future test, might make them overall
more mindful in monitoring their learning progress and selecting learning strategies, resulting in
a more even split between choosing worked examples and problem solving.

The current study also did not find a significant difference between the frequency of choosing
worked examples when studying probability problem types with higher assigned point values
versus those with lower assigned point values. One might argue that this lack of difference
between studying problem types with higher assigned point values and lower assigned point
values reflects their beliefs that worked examples are equally as effective as problem solving.
Indeed, a prior study has found students reporting to perceive problem solving to be equally
effective as worked examples (Adler et al., in the process). In contrast, participants in the current
study rated problem solving as more effective and more difficult. These perceptions of difficulty
might be considered somewhat accurate given that the participants in the current study took
significantly longer studying a probability problem using the problem solving format compared
to the worked example format. Although not aligning with prior research findings done on the
worked example effect, participants’ perception of problem solving being more effective was in
line with the significant positive correlation between the frequency of using problem solving and
posttest problem solving accuracy in the sample of the current study. However, a mismatch
between these perceptions and their actual use of these strategies could exist (Foster et al., 2018).

Despite these alignments between beliefs and other measurements discussed above, we did not
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find a significant correlation between perceptions of the effectiveness of a learning strategy and
its frequency of use. If higher perceived effectiveness is not correlated with more frequent use,
what other factors might be at play?

The current study found that students who reported preferring worked examples used
worked examples more frequently than those preferring problem solving. In addition to
preference, we observed a positive correlation between the perceived difficulty of problem
solving and frequency of using worked examples, in which participants perceiving problem
solving as more difficult were more likely to use worked examples as an alternative. The
cognitive load theory has been one way researchers explain the worked example effect, such that
worked examples could help students reduce extraneous load and better focus their limited
mental resources on comprehending important solution steps and concepts during the initial
schema acquisition phase (Sweller, 1999; Sweller, 2012). according to this theory, for students
considering problem solving to be too cognitively demanding, worked examples might be an
more effective approach to start developing their understanding of the schema. However, we did
not find a significant positive relationship between students’ perceived difficulty and perceived
effectiveness. Another reasoning from a prior study proposed a different relationship. The
misinterpreted effort hypothesis suggests that students might interpret more perceived effort to
be a sign of poor learning, which might cause them to avoid learning strategies that require more
effort (Kirk-Johnson et al., 2019; Yeager & Dweck, 2012). However, we also did not find a
significant negative relationship between students’ perceived difficulty and perceived
effectiveness. One possible explanation could come from the effort avoidance hypothesis, pitted
against the misinterpreted effort hypothesis in Kirk-Johnson and colleagues’ study (2019). The

hypothesis argues that students use less effortful learning strategies because they generally tend
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to avoid mentally effortful tasks as much as possible, even knowing that doing so will reduce
their learning gains. Participants who considered problem solving as more difficult and effortful
might attempt to avoid investing those efforts by selecting another learning strategy that is
relatively less difficult for them.

Given that participants used a similar number of worked examples but made more
switches when studying probability types with higher assigned point values, did they effectively
maximize their posttest performance? Participants in the current study were able to categorize
probability types more correctly for 5-point problems than 1-point problems, but their problem
solving accuracy did not differ depending on the assigned point value. Prior studies have found
that being more strategic and orienting their learning to d performance (Castel, 2007; Castel et
al., 2007; Eysenck & Eysenck, 1982; Loftus & Wickens, 1970; Weiner, 1966). One possible
explanation could be that students were more mindful and paid more attention to studying the 5-
point items than the 1-point times, including reading the accuracy feedback. Since the current
study only provided feedback with the probability problem type of the problem and general
solution for that problem type without the correct problem solving steps and solution specific to
that particular problem, participants might have benefited more in terms of categorization. Given
that correct problem solving requires both accurate categorizations of problem type and
application of the procedural steps, future studies might consider providing students more
learning opportunities to explore whether students’ problem solving accuracy would improve
when given enough opportunity to master both categorizations of problem type and application
of the procedural steps.

On the other hand, we also found a positive correlation between the frequency of using

problem solving and posttest problem solving accuracy, in which students who used more
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problem solving also had higher posttest problem solving accuracy. One possible explanation for
this finding could come from the study design. The current study used an online platform where
students’ engagements were not enforced. We did include attention checks to track whether the
participants were fully engaging with the materials of worked examples. However, we could not
avoid participants deciding to engage with the content differently. For example, one participant
finished the study within 20 minutes, whereas another studied for 168 minutes. This difference
might have indicated various levels of engagement not only with the 24 problems but also with
post-tests. The online format of the current study might have limited our ability to capture a
fuller spectrum of motivation. With different levels of motivation and engagement, comparing
post-test scores may not sufficiently reflect students’ learning. Future studies might consider
conducting in-person studies and capturing students’ motivation to explore whether motivation
plays a role in influencing students’ use of worked examples and problem solving. In addition to
motivation and engagement, one could say that the frequency of using problem solving is an
indirect indicator of higher prior knowledge, and higher prior knowledge may be one of the
factors that predict higher posttest performance. The current study was unable to exclude this
possibility due to the absence of a pretest, which was omitted to mitigate participant fatigue and
maintain brevity. Subsequent investigations could address this issue by assessing participants'

prior knowledge.

4.3 Use of Learning Strategy After a Mistake
In addition to the overall frequency of use and the number of switches between strategies,
the current study captures how students use learning strategies flexibly as they progress in

learning. We compared students’ strategy selection after making a mistake during problem
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solving. The analysis revealed a marginal effect where students’ likelihood of using worked
examples increased after making a mistake, consistent with the Monitoring-affects-control
hypothesis (Nelson & Leonesio, 1988). One expectation is that students use problem solving to
monitor their learning. It is possible that making errors during problem-solving prompted
students to recognize their need for improvement, which led to more use of worked examples for
improving mastery. When students problem solve correctly, improving their understanding of the
steps might become redundant, so they might be inclined to do another problem solving to
practice. We replicated the finding from prior studies, which found that after making a mistake
while problem-solving, students used worked examples more often than if they got the preceding
problem correct (Adler et al., in process; Foster et al., 2018). One limitation of the current study
was its statistical power. After excluding students who got all trials correct, all trials incorrect, or
always chose worked examples, the sample size of the current sample lacked enough power to
detect the pre-registered effect. Future studies might consider increasing the sample size to
address this concern.

Feedbacks that flag incorrect problem solving is one way to indicate a need for
improvement. Following this logic, Judgment of Learning (JOL) scores, which ask students how
likely they feel they can solve this type of probability problem correctly on a future test, could be
considered another indicator of perceived learning, where a lower JOL score flags the need for
improvement. Then, according to this logic, when people are not confident they can correctly
solve a specific type of problem in the future, they will use worked examples to improve their
mastery, and when people are very confident that they can correctly solve a specific type of

problem in the future, they will use problem solving to practice. However, the current study
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found no significant overall difference in JOL score preceding worked examples compared to
preceding problem solving.

One possible explanation could be that feedback is more explicit and accurate in
indicating areas of improvement than subjective JOLs. In prior literature, students' monitoring
has not been found to be highly accurate in general, where students tend to overestimate their
current and future knowledge state (Finn & Tauber, 2015). This inaccurate monitoring may
negatively impact their control, such as their choices related to learning, study time allocation,
and effort (Dunlosky & Rawson, 2012). Participants in the current study may have been
unfamiliar with the process of reporting JOL ratings and struggled to make accurate monitoring,
which might, in turn, limit them from using that judgment to guide their subsequent selection of
learning strategies. Future studies could consider delving deeper into students’ JOL accuracy and
explore various means by which students monitor their progress and the effect of each on
subsequent learning strategy use.

Another explanation of why the JOL did not predict students’ subsequent learning
strategy use in ways in line with the Monitoring-affects-control hypothesis and Foster and
colleagues' reasoning could come from the complexity of reasons behind selection. Specifically,
the expectation that the average JOL scores preceding the use of a worked example to be lower
than the average of JOL scores preceding the use of problem solving are based on the assumption
that worked examples are primarily used for improving mastery and problem solving are
primarily used student for monitoring (Foster et al., 2018). However, in the current study,
participants also reported using worked examples for monitoring purposes beyond improving
mastery. For example, the second most selected reason for selecting worked examples was using

it to check how well they understood the steps. Similarly, participants also reported using
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problem solving to improve understanding and mastery of the content beyond monitoring. Given
these various reasons, researchers might consider incorporating these complex and nuanced
purposes of choosing learning strategies into their theories to construct a framework that

acknowledges the multi-layered factors behind students’ learning strategy use.

4.4 Limitation & Future Direction

This study provides initial evidence of students aproaching learning content of
variousvalue differently, by making more switches between learning strategy, students seems to
be stratigic in their self-regulated use of worked example and problem solving. However, there
are a number of limitations that should be considered when interpreting these results.

For example, the sample size and population in this study may limit the generalizability
of the findings to broader contexts. The sample size of the current sample lacked enough power,
as previously explained, to detect the pre-registered effect after excluding students who got all
trials correct, all trials incorrect, or always chose worked examples. Also, Vanderbilt's sample
seems to show a different perception and preference towards worked examples and problem
solving compared to those of Kent State University by a prior study. Future studies could
consider testing the design of the current study on a wider population, such as adults recruited
via Mturk. This sample would embody characteristics different from those of Vanderbilt, Kent
State, and Liaoning Normal University. For example future designs could consider collecting
data such as participants’ prior math experience, prior experience with problem solving, worked
examples, and knowledge regarding learning strategy use in general that allow researchers to

identify potential subject characteristics that influence students’ self-regulated use of learning
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strategies. In sum, future research could consider larger and more diverse samples to enhance the
external validity of the results.

Also, as previously explained, the absence of a pre-test to measure baseline levels of prior
knowledge is a limitation that limits our ability to capture participants' prior probability problem
knowledge at baseline. In addition to avoiding the participant’s fatigue, we made this decision
also because we feared that taking a pre-test might impact students' psychological state as they
engaged in the learning sessions and thus alter the effect of our experimental manipulation
(Opfer & Thompson, 2008). Future studies could include a pre-test, which could provide a
clearer understanding of the intervention's effects and control for potential confounding
variables.

At the same time, the posttest reliability, indicated by a low Cronbach's alpha, suggests
potential measurement inconsistency or unreliability in the assessment instrument used, which is
particularly generated by the research team in the current study. Future studies may benefit from
improving the reliability of measurement tools or exploring alternative assessment methods to
ensure robust and consistent results.

This study did not explore whether students employ different learning strategies based on
the characteristics of problem types or assigned point values. Investigating this aspect could offer
valuable insights into adaptive learning behaviors and inform instructional practices. Future
research could address these limitations by employing larger and more diverse samples,
incorporating pre-tests, improving the reliability of measurements, and investigating the
relationship between learning strategies and problem characteristics. Additionally, exploring how
learners adapt their strategies based on task demands could contribute to a deeper understanding

of effective learning processes.
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4.5 Implication

The current study yields several theoretical implications. For example, the findings of this
study suggest that the reasons behind students' selection of learning strategies, such as worked
examples or problem-solving, involves multiple layers of purposes. Unlike the reasoning of some
previous studies that often provided singular or confined reasons for strategy selection, this
research reveals a more nuanced understanding. Future studies should explore these layers in
greater depth to uncover the complex factors influencing students' strategic choices.

Also, students demonstrated a higher degree of strategic behavior, adjusting their learning
approaches based on the content's assigned value. This strategic adaptation extends beyond mere
surface-level engagement and indicates a sophisticated level of self-regulated learning. Future
research should investigate the underlying reasons driving students' frequent switches between
learning strategies to better support their learning processes.

Furthermore, rather than viewing learning strategies in isolation, this study emphasizes
the importance of considering them as complementary and interrelated components of the
learning process. Previous research often framed learning strategies as opposing choices, but this
study underscores their potential synergies. Future studies should explore how different learning
strategies can be combined and leveraged together to enhance learning outcomes effectively.

Regarding research design, many current studies assessing students’ use of learning
strategies used self-report measurements. The current study suggested the importance of using a
variety of measurements, such as behavioral records of students’ strategy usage and open-ended
questions regarding their reasoning behind usage. Using a variety of measurements allows

researchers to capture nuances in students’ self-regulated learning via different dimensions. The
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current study also yields implications for instructors and educators. For example, the study's
findings suggest that teachers should be aware of the characteristics that make worked examples
more effective and the additional effort required in creating and making available the worked
example materials.
5 Conclusion

Effective learning depends on how students regulate their use of learning strategies when
taking responsibility for their learning. The current study investigated college students’ use of
two strategies: solving problems independently (i.e., problem solving) and studying the correct
solution to a problem and its necessary steps (i.e., worked examples). In this within-subject
experiment, we found evidence that assigning learning content with higher point values can lead
to longer study time and more switches between worked examples and problem solving,
compared to assigning content with lower point values. The current study yielded significant
implications for the literature as it uses students’ approaches to problems with different assigned
values to better understand students’ use and belief of these strategies. Future studies should
focus on understanding the reasoning behind different patterns in students’ self-regulated use of
less researched strategies (i.e., less studied in the SRL context), like worked examples and

problem solving.
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