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ABSTRACT

This study draws on theories of Self-Regulated Learning and
Situated Expectancy-Value Theory (SEVT) to understand how logs
and self-reports of reviewing behaviors relate to each other and to
motivation and performance within a university introductory
computer science course. Only logs of reviewing from within
coding problems were associated with comparable surveys when
total course engagement clicks were controlled. Moreover, only
course cost, an aspect of SEVT, predicted logs and self-reports of
reviewing behaviors. When motivation and both types of reviewing
behaviors were considered together as predictors of final course
grade, only course cost was a statistically significant predictor, with
a negative relationship. Results can inform assumptions of validity
between logs and self-reports of reviewing behaviors within a
system of Self-Regulated Learning and demonstrate the important
role perceptions of cost may play in both self-regulation and
performance.
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1. INTRODUCTION

Existing research points to the promise of using log data from a
Learning Management System (LMS), such as Canvas, to
understand students’ learning [e.g., 29, 33]. Log data from LMS
refers to time-stamped files of student interactions, in this case,
records of click events in the course. Scholars in the field posit that
log data can provide more objective measures of dispositional
constructs (e.g., motivation, self-regulated learning) than do
surveys, because with logs, participants are not responding to
socially desirable questions, nor do they have to accurately
remember what they did [45, 46]. However, studies that compare
logs of student actions with surveys that directly query the same
constructs present conflicting evidence as to whether logs really can
more accurately measure the constructs than self-report surveys [cf
6, 22, 37, 48]. In addition, the landscape of this type of research is
still incomplete as to both domain coverage (e.g., Computer
Science) and construct coverage—for example, specific aspects of
motivation or self-regulation. There is still considerable room to
extend comparisons of logs and surveys by context and construct.

In this study, we investigate logs of self-regulated learning [SRL;
51] behaviors from within an introductory university computer

science (CS) course, comparing these logs to surveys of the same
behaviors. We examine how theoretically related constructs (i.e.,
motivation) predict both logs and surveys and how each predicts
course grades. Our analysis enables us to bracket the usefulness of
log behaviors within a system of SRL, where students’ motivations
inform their studying behavior and this behavior can impact
learning and performance [see 44, 52].

1.1 Theoretical Framework, Self-Regulated

Learning
We frame our work with models of SRL, such as the Efklides [11]
Metacognitive and Affective Model of SRL (MASRL). Within
MASRL, SRL is a dynamic process that involves the interplay
between broader motivational and regulation dispositions and
competencies at the person level (e.g., value for CS) and the
specific motivational and regulation dispositions and competencies
at the task X person level (e.g., value for the course or a specific
topic in CS). Students who are self-regulated successfully engage
in several processes to support their learning: generally, theorists of
SRL note that within SRL, students plan and set goals, monitor their
progress toward those goals, adjust and control behavior in line
with monitoring, and evaluate the result of their efforts [11, 30, 49].

1.1.1  SRL and Motivation

Many SRL theorists note the importance of motivational beliefs
and goals to the different phases of SRL [31, 39, 50]. For example,
in the forethought and planning phase, students are more likely to
plan for a task if they are positively motivated, such as feeling
competent in the task or seeing the task as interesting, useful, or
important. In the performance control phase, students might
devalue or value the outcome based on how well they are doing or
how vital they perceive the outcome to be. In the self-reflection
phase, students might adjust their goal from their recent learning
situation. In the current study, we focus on motivation specifically
framed within Situated Expectancy—Value Theory [SEVT; 10],
where student performance and action are predicated on
expectancies and task values. Expectancies for success refer to how
successfully a student believes they will accomplish a task; task
values refer to how much a student values a task. There are at least
four different task value facets: intrinsic value, attainment value,
utility value, and cost. Intrinsic value is the enjoyment a student
expects to gain from doing a task. Attainment value is how central
a task is to a student’s personal and collective identities. Utility
value is the extent to which a task is useful to a student’s short- and



long-term present and future goals. Cost is what a student perceives
they must lose or give up by engaging in a task, including the
psychological and social costs of pursuing a task. Eccles and
Wigfield [10] point out that cost is conceptualized under task values
because both benefits and costs of a task contribute to the net value
of students’ motivation. Each of the task values are on a continuum
to very negative to highly positive. Ultimately, both expectancies
(i.e., “CanIdoit?”) and task values (i.e., “Do I want to do it?”’) play
influential roles to SRL behaviors [43].

Previous studies have examined the association between
expectancies, values, and SRL strategies [1, 20, 21]. For example,
Lawanto [20] focused on investigating the association between
values and overall SRL behaviors, as well as values and
subcomponents of SRL behaviors, in an introductory mechanical
engineering course. They found a statistically significant positive
association between values, overall SRL behaviors, and four sub-
components of SRL behaviors (i.e., goal setting, task strategies,
help seeking, and self-evaluation), but did not find a statistically
significant association between values and the other two sub-
components of SRL behaviors (i.e., environment structuring and
time management). Within a different context of two massive open
online courses (MOOCs) in mathematical probability, Lee [21]
found that the more MOOC learners had high self-efficacy
regarding their course success and believed that the course
materials were useful and important, the more they were likely to
use SRL strategies. Most of the prior literature that investigated the
association between SRL and motivation either did not focus on a
specific domain (e.g., examined several different online courses) or
focused on non-CS courses (e.g., engineering courses,
mathematical probability courses). To our knowledge, no studies
have systematically examined the association between SRL and
motivation in an in-person CS course context. In-person CS courses
allow us to gain important insights on whether findings replicate
across contexts and delivery modes. As computer scientists are
needed more than ever to support our nation’s economy and global
competitiveness [17], studying motivation and SRL within a CS
context can provide valuable information necessary to enhance
student performance and persistence in CS. Additionally, students
who take in-person courses typically come from different
backgrounds than students who take online courses. For example,
older students [25], women [28], and single parents [12] are more
likely to enroll in online courses compared to younger students and
men because they perceive that the online format allows them to
complete their studies alongside other competing responsibilities,
such as taking care of their children [3, 24]. Studies such as ours
expand work that is typically conducted in MOOC and other online
settings to different populations. Further, our study examines a
negatively-valenced value, cost, which is an important element of
motivation [10], but has seldom been included in research on links
between motivation and SRL strategies. Empirical evidence
suggests that positive versus negative emotions predict different
SRL behaviors [2]. Therefore, positively- versus negatively-
valenced motivation may relate to different SRL behaviors as well.

1.1.2  SRL and Performance

SRL has been long-been associated with achievement [49].
Students as young as elementary school who are more self-
regulated perform better on academic tasks [8, 18]. SRL behaviors
have been linked with course grades in undergraduate CS courses
[5, 23, 36]. However, there have been mixed findings on this
association depending on the type of SRL behavior and context. For
instance, undergraduate students in an introductory CS course who
had higher performance used more SRL strategies, such as
metacognitive strategies (i.e., planning, monitoring, regulating

strategies, and critical thinking) and resource management (i.e.,
time and study environment strategies and effort regulation
strategies) than those with lower performance [5]. In contrast,
Sands and colleagues [36] found the SRL behavior, help seeking,
as the only statistically significant predictor of performance in a
high school CS MOOC. Prior research studies have also found that
self-efficacy (motivation) can serve as a mediator of the
relationship between SRL metacognitive strategies and
performance for CS undergraduate students [23].

1.1.3  SRL and Log Data

Within models of SRL [11, 30], students leverage their
motivational and regulation dispositions and competencies through
behavioral action to succeed in learning and academic
performance. In this way, the behaviors that students exhibit are
representative of both their SRL and motivation. Existing literature
has investigated the accuracy of convergence between observed
behaviors of SRL (as measured by logs) and self-reported
behaviors of SRL [as measured by surveys; 6, 35, 48]. For example,
Salehian Kia and colleagues [35] found substantial agreement in
the SRL behavior responses between log and self-reported data,
particularly in relation to the task definition and planning phases.
In contrast, Zhou & Winne [48] found that the self-reported goal
orientations of undergraduate students from various departments
did not correlate with goals measured by digital traces. Various
studies also conclude that SRL log data and self-reported data
predict differently to achievement, where logs are generally more
predictive of achievement than self-reports [6, 32]. Taken together,
these studies show mixed results on the association between log and
self-report survey data for SRL from either non-domain-specific or
non-CS contexts. Moreover, few studies have systematically
validated specific SRL behaviors from logs with self-reports of
those specific behaviors, as most studies have investigated the
validation between conceptually broader SRL self-reports to
specific logs (e.g., planning self-report measures to spacing vs.
cramming log measures compared to going back to a prior lesson
self-report and log measure). The current study contributes to
methodologically validating the association between specific SRL
behavior log data and SRL self-reported survey data.

1.2 Context

The context for this study is an introductory CS course at a large,
public university in the Mid-Atlantic region of the United States.
One instructor taught one of the sections and one instructor—the
third author of this study—taught two of the sections. Each
instructor followed the same curriculum. Each instructor also
embedded four surveys into their course. Surveys were
administered at the start of the course, after week six (the first
midterm), after week 10 (the second midterm), and at week 14 (the
very end of the course). Each survey took approximately 10
minutes. Students received 1% overall course credit for completing
each survey, regardless of their answers. Although these surveys
were part of the students’ coursework, IRB approval was secured
for the research analysis of the data.

Course content focused on teaching introductory CS concepts and
practices through the use of Python. The course was structured
around both programming fundamentals (functions, loops,
conditionals) and software engineering basics (testing, functional
decomposition, ethics). Outside of class, students were responsible
for completing readings, quizzes, and programming problems that
taught the core material. These materials were delivered via the
course LMS and an instructor-created interface [4]. Students also
met in person two to three times a week for lecture and once a week
for lab, where they received high-level overviews of the material



and participated in activities that reinforced what they were
learning. Along the way, they had three exams (two midterms and
a final) and several projects of escalating size and complexity.

1.3 Current Study

Within the current study we expand upon prior research defining
log behaviors within a system of SRL to specifically investigate
reviewing behaviors: times students clicked from their current
lesson to a prior lesson (in general, while they were taking a quiz,
while they were completing a coding activity). We theorize that this
behavior represents an aspect of SRL control triggered by a
perception through monitoring during the current activity that the
students’ knowledge was not adequate. We compare these logs to
self-reports of the same behaviors and investigate motivational
antecedents to both logs and self-reports and how both predict final
course grade.

Our specific research questions are:

1) To what extent do logs of reviewing behaviors align with
student reports of reviewing behaviors?

2) To what extent does motivation for the course predict
reviewing behaviors (both logs and self-reports)?

3) To what extent do reviewing behaviors (both logs and
self-reports) predict final grades in the course?

2. METHOD
2.1 Participants

There were 154 students across the three courses. One hundred and
four of these students (68%) provided consent to the surveys. This
was largely consistent across the three sections (range 65% to
69%). The number of participants varied across surveys: survey
one: 104, two: 95, three: 76, four: 79. Students reported on their
gender and on their race. Gender questions asked students to
indicate whether they were men (82), women (19), trans (1), not
listed (1), or preferred not to answer (1). An open-ended follow-up
question indicated the two students who answered not listed or
prefer not to answer both identified as non-binary (NB). Students
who were not men were combined into one group of 22 students for
analysis. Students reported on their race/ethnicity by selecting one
or more from American Indian or Alaskan Native (1); Asian (30);
Black or African American (11); Hispanic, Latino, or Spanish
origin (10); Middle Eastern or North African (2); White (50); or
some other race, ethnicity, or origin (3). All students chose between
one and three racial/ethnic categories. Because we were interested
in understanding the motivation of those students from races or
ethnicities underrepresented in CS, we created a binary variable
labeling those who reported as identifying as any group other than
White or Asian as underrepresented in CS [7, 27]. The percentages
of women and URM students among the participants was similar to
that in the introductory CS courses at this university and did not
differ across course sections. The current study is limited to 94 CS
students who completed the second survey and had a final grade for
the course.

2.2 Measures
2.2.1  Logs of Reviewing Behaviors.

Three different measures of reviewing behaviors were created:
general, quizzing, and coding. As the course is chronologically
structured in the LMS and instructor-created interface, going back
to prior course content was operationalized as a reviewing
behavior. Logs of general reviewing behaviors were
operationalized as the number of times the log recorded an event
with a lesson number less than the immediately prior event’s lesson
number. The same method was applied to quizzes and coding

reviewing behaviors, except that these counts referred to the types
a student returned to a prior lesson while they were in the process
of completing a quizzing or coding problem. Counts of general
reviewing behaviors include reviewing from quizzes and coding
problems, but also reviewing when navigating other aspects of the
course, such as reading/watching videos.

2.2.2  Logs of Total Event Counts
Logs of total event counts were operationalized as the raw number
of events in the logs associated with a given participant.

2.2.3  Student Reports of Reviewing Behaviors

In waves two through four students were specifically asked about
their reviewing behaviors (e.g., “Please consider how often you
have done each of the items below since last month... Look back
at prior lessons while completing a quiz”). Students were presented
with statements about reviewing in general, during quizzes, and
during coding problems; participants then indicated how often they
did that action on a scale from 0 to 5 (I haven’t done this, once or
twice, once a module, a few times each module, every lesson, or
multiple times a lesson).

2.2.4  Motivation

Students answered questions about their expectancy and value for
the course on a six-point Likert-type scale. Questions were
structured as self-efficacy (e.g., “How good would you be at
learning something new in this course?”’) to represent expectancy,
as the two constructs are theoretically similar and often empirically
indistinguishable [34, 35]. Questions were asked at all four surveys
about both course expectations (two questions, alpha .75; e.g.,
“How well do you expect to do in this course?”) and attainment
value for the course (two questions, alpha .82; e.g., “How important
is it to you to do well in this course?”). Value questions around
course interest (three questions, alpha .83; e.g., “To you, how much
fun is this course?”), utility (three questions, alpha .73; e.g., “How
useful is what you are learning in this course for your future
career?”), and cost (six questions, alpha .90; e.g., “How much time
does this course demand?”’) were only asked during waves two
through four, as students needed some experience with the course
to answer these questions. Expectancy and positive values
questions were based on constructs from SEVT [10] and
borrowed/adapted language from Gaspard [14] to focus on the
specific context of this course. Cost questions were those from
Flake [13] but rephrased from statements to questions. Within the
wave, motivation questions correlated as expected based on prior
research [9].

2.3 Analysis

To answer the first research question, rank-order correlations were
examined between logs of reviewing behaviors, total event counts,
and students’ reports of reviewing behaviors. Because we used a
total count of reviewing behaviors it could be that student overall
engagement with the course drove results. Therefore, we conducted
additional regression analyses to control for total engagement
operationalized as event (click) counts. In addition, regression
models included gender, professor, and year in college as controls.

To answer the second research question, rank-order correlations
were examined between motivation and reviewing behaviors. Due
to the high correlations between the motivation constructs, a scale
variable was created for positively-valenced value by averaging
interest, attainment, and utility value (alpha .82). This variable was
then included with expectancy and cost in one series of models
predicting the three types of logs of reviewing behaviors and in
another series of models predicting the three types of student



reports of reviewing behaviors. Again, all models included total
event count, gender, professor, and year in college as controls.

self-reported course cost and logs of reviewing from quizzes (f =
.28, p = .02; see Table 3). Also, regressions showed a significant
positive association between cost and all student reports of
reviewing behavior (general: f = .35, p =.003; quizzing: f = .27, p
=.02; coding: = .39, p <.001; see Table 4). However, there were
no statistically significant associations between expectancy for
success, positively-valenced values, and student reports of
reviewing behaviors.

To answer the third research question, for parsimony, we created
two scales combining logs and student reports of reviewing
behaviors together (alphas .82, .79 respectively) because of the
strong correlations between the three types of reviewing behaviors
within modality. These variables were entered together as
predictors of final course grade, along with motivation, total events,
and demographics predicting final grade in the course.

Table 3. Regression of motivation predicting logs of reviewing behaviors

Went to Prior
Lesson Logs

Quizzing Went to Prior
Lesson Logs

Coding Went to Prior
Lesson Logs

3. RESULTS

. Expectancy 0.08 0.09 0.04 0.07 20.07 ~0.04
3.1 ResearCh Questl()n 1 [-0.12,0.28] [-0.12,0.30]  [-0.21,029]  [-0.18,033]  [0.23,0.10]  [-0.21,0.13]
- 1 19t1 1 1 111 Pos. Value -0.07 -0.08 -0.08 -0.09 -0.04 -0.06
Rank.or.der correlations showed statistically significant p9s1t}ve Lol s Loalors  [oseoas)  poovenn Lo 000
associations between logs and surveys of general reviewing o o0 o o270 o2 s 003
behaviors (r = .29, p = .005) as well as logs and surveys of coding [016,020]  [016,022]  [005050]  [005051]  [020,010]  [0.18,0.12]
reviewing behaviors (» = .36, p <.001; see Table 1). There was no Event count 0.68%+* 0.68%+* 0.22¢ 024% 081" 0.82
. .. . . LR [0.52, 0.85] [0.51,0.85] [0.01, 0.44] [0.03, 0.46] [0.67, 1.00] [0.68, 1.00]
statistically significant association between logs and surveys
regarding reviewing behavior from quizzes. In addition, total event Woman Lotho2 Lo o2 Lo.00017]
count—as a measure of general student engagement—was Professor 003 019 o1
positively associated with all logs of reviewing behavior (general: (-020,0.13] [-0.39,0.01] oo
B < . 1zzing: 7 = = . ng: = < Year2 0.06 0.05 -0.04
r=.70, p <.001; quizzing: r ‘3.0, P .004; godmg. r=.81,p car oo e o
.001) and all student reports of reviewing behavior (general: = .42, Year3 & 4 0.02 022 012
.. . [-0.42,0.47] [-0.77,0.33] [-0.49, 0.24]
p <.001; quizzing: r = .35, p < .001; coding: » = .29, p = .004).
R? 0.47 0.47 0.16 0.20 0.63 0.65

When considering regressions of log behaviors on student reports

* Pos. value refers to intrinsic + attainment + utility value. The reported numbers are as follows from

of reviewing behavior controlling for total event counts, only
coding reviewing behaviors were associated with comparable
surveys (f = .17, p = .01; see Table 2). In all models, total event

top to bottom: standardized beta and confidence interval. The reference group for women was men.
‘Women included women, trans, and non-binary. Professor was di as 0 = the professor who
taught two sections of the course and 1 = the professor who taught one section of the course. Event count
log referred to total engagement in the course.

p<0.057p <0.01"p <0.001.

count remained a statistically significant predictor of logs of
reviewing behaviors (general: f = .67, p <.001; quizzing: f = .28,
p = .008; coding: f = .75, p < .001). Results remained largely
unchanged when demographic controls were included.

Table 4. Regression of motivation predicting survey reports of reviewing behaviors

Went to Prior
Lesson Surveys

Quizzing Went to Prior
Lesson Surveys

Coding Went to Prior

Table 1. Correlation between all variables Lesson Surveys

Expectancy 0.04 -0.03 0.55 -0.06 0.14 0.15
[-0.28,0.20] [0.28,0.22] [0.30,0.20] [0.32,0.20] [-0.38,0.10] [-0.40,0.10]
Pos. Value 0.13 0.12 0.19 0.10 0.13 0.12
[-0.09,0.36] [-0.12,0.35] [-0.14,0.32] [0.14,0.34] [-0.09,0.35] [0.11,035]
Cost 033%* 0.35%* 0.28* 0.27% 0.39%*% 0.39%%
[0.11,0.55] [0.12,057] [0.05, 0.50] [0.04,0.51] [0.17,0.61] [0.17,0.62]
Event count 0.20 0.18 0.18 0.17 0.06 0.06
[-0.01,0.40] [0.02,0.39] [0.03,0.39] [0.05,0.39] [-0.14,0.27] [0.14,0.27]
Worman 0.07 0.03 0.07
[0.12,027] [0.17,0.23] [0.12,0.26]
Professor 0.00 0.06 0.05
: " . o - - [0.20,0.20] [0.15,0.26] [0.15,0.24]
= - = — — Year2 0.13 0.13 -0.13
p <0.05°p < 0.01 p <0.001. [-0.79, 0.54] [-0.56, 0.82] [0.79, 0.54]
Year3 &4 0.13 0.29 -0.18
Table 2. Regression of logs of students’ reviewing behaviors on surveys [-0.41, 0.66] [-0.27, 0.85] [-0.72. 0.35]
R? 0.22 0.23 0.16 0.18 023 0.24

Went to Prior Quizzing Went to Prior Coding Went to Prior * Pos. value refers to intrinsic + attainment + utility value. The reported numbers are as follows from

Lesson Logs Lesson Logs Lesson Logs top to bottom: standardized beta and confidence interval. The reference group for women was men.
Reviewing behaviors survey 0.03 0.03 0.08 0.10 017" 017" . . N . _
[-0.13,0.19] [-0.14, 0.19] [-0.12,029] [-0.11,031] [0.04,0.29] [0.04,0.29] ‘Women included women, trans, and non-binary. Professor was as 0 = the professor who
Event count 0.67%** 0.67%** 0.28%* 0.30%* 0.75%%* 0.76%%* taught two sections of the course and 1 = the professor who taught one section of the course. Event count
[0.51,0.83] [0.50, 0.83] 008, 0.49] [0.09,0.51] [0.63,0.88] [0.63, 0.88] log referred to total engagement in the course
Women 0.06 -0.10 .03 . i e )
[-0.10,0.21] [-0.30,0.10] [-0.10,0.15] P <0.05"p <0.01""p <0.001.
Professor 0.02 019 -0.15*
[-0.18, 0.14] [-0.39,001] [-0.27,-0.02) .
Year2 0.10 017 -0.01
. oo wine 3.3 Research Question 3
Year3 &4 .02 026 -0.08 . .. .
[£0:42.046] £0:82.030) w0 Regressions showed that there was a significant negative
iy 046 047 0.10 0.15 0.65 0.67

association between self-reported course cost and grade in the
course after controlling for demographics (f = -.48, p < .001; see
Table 5). There were no other statistically significant associations
between motivation and grade in the course. Moreover, reviewing
behaviors did not statistically significantly predict grades in the
course.

* The reported numbers are as follows from top to bottom: standardized beta and confidence interval.
The reference group for women was men. Women included women, trans, and non-binary. Professor
was dichotomized as 0 = the professor who taught two sections of the course and 1 = the professor who
taught one section of the course. Event count log referred to total engagement in the course.
p<0.057p<0.01""p<0.001.

3.2 Research Question 2

Rank-order correlations showed there were statistically significant
positive associations between self-reported course cost and all logs
of reviewing behaviors: general (»=.23, p =.02), quizzing (r = .34,
p =.001), and coding (r = .26, p = .01; see Table 1). There were
also statistically significant positive associations between self-
reported course cost and student reports of reviewing behaviors:
general (r = .41, p <.001), quizzing went to prior lessons (r = .35,
p = .001), and coding (» = .46, p < .001). None of the other
motivational constructs showed statistically significant association
with reviewing behaviors from logs or surveys. Regressions
showed only a statistically significant positive association between



Table 5: Reviewing behavior predicting grade

Standardized Model
Beta

Reviewing behavior 0.02 0.02
[-0.20, 0.25] [-0.21,0.25]
Expectancy 0.19 0.20
[-0.03, 0.40] [-0.02, 0.42]
Pos. Value 0.07 0.05
[-0.13,0.27] [-0.16, 0.26]
Cost -0.50"" -0.48""
[-0.69, -0.30] [-0.68, -0.28]
Event count 036" 0.36™
[0.13, 0.60] [0.11, 0.60]
Woman -0.01
[-0.18,0.16]
Professor -0.02
[-0.20, 0.15]
Year 2 -0.17
[-0.76, 0.42]
Year3 & 4 0.19
[-0.28, 0.66]
R2 0.40 041

* Pos. value refers to intrinsic + attainment + utility value. The reported numbers are as follows from
top to bottom: standardized beta and confidence interval. The reference group for women was men.
‘Women included women, trans, and non-binary. Professor was di ized as 0 = the professor who
taught two sections of the course and 1 = the professor who taught one section of the course. Event count
log referred to total engagement in the course.

p<0.057p <0.01"p<0.001.

4. DISCUSSION

In the current study, we triangulated logs of SRL reviewing
behaviors to student reports of the same behaviors in three sections
of an introductory CS course. We also examined the extent to which
motivation (expectancies and values) predicted logs and student
reports of SRL reviewing behaviors and how each predicted the
final course grade. Prior research has looked at a limited number of
SRL behaviors [36] and work in CS has focused on introductory
CS students within a large online course rather than an in-person
course [5]. Our research focused specifically on reviewing
behaviors, an aspect of control within a system of SRL [26], by
investigating when students returned to prior content in general,
when taking quizzes, and when completing coding problems during
online engagement within an otherwise in-person CS course.

Prior research is mixed with respect to matches between logs and
student reports [6, 22, 37, 48]. Looking at the bivariate relations
between logs and student reports of SRL reviewing behaviors, there
were statistically significant associations for reviewing behaviors
overall and those specific to coding. There was no statistically
significant association between logs of the quizzing reviewing
behaviors and student reports of quizzing reviewing behaviors. In
regression analyses that controlled for total events/clicks, only
coding reviewing behaviors were associated with comparable
surveys. Our work suggests that students are better at providing
accurate information on some tasks compared to others. Regarding
the specific tasks, students may recognize the relevance of prior
content when completing problem-based activities, such as the
coding problems in the introductory CS course. This finding aligns
with previous research on problem solving in that students who can
successfully solve problems reflect back on prior content [40]. The
lack of alignment between our other log and self-report data also
suggest that these measures might best be used as complementary
information about SRL rather than interchangeable measures. One
implication from this finding is that instructors can ask students to
keep track of their time when returning to prior content in general
and when taking quizzes to help students get a more accurate
picture of SRL skills and learning. Another implication from this
finding is that instructors cannot merely rely on log data as
representative of students’ SRL. Future research should investigate
how scholars and practitioners can leverage survey and log data in
a way that complements each other rather than using these
measures in disparate ways.

In regression analyses predicting SRL reviewing behaviors from
motivation, self-reported course cost emerged as the only
statistically significant motivation predictor of reviewing behaviors

or reports. In our study, cost measures included questions regarding
perceived course time and work demands. That these questions
were related both to student reviewing behavior and to student total
event clicks suggests students who felt they invested a lot did
engage more with the course. This may also suggest that students
who feel more frustrated and stressed are more likely to review
materials from the course in order to alleviate the emotional cost.
Perhaps, some level of perceived cost is optimal for learning [19,
38]. Future studies should investigate whether there is a curvilinear
association between cost and SRL reviewing behaviors (e.g., do CS
students who perceive too much cost decide to disengage later on
in the course?). Contrary to prior research [1, 20, 21], we did not
find statistically significant associations between the positively-
valenced values (interest, utility, importance) and SRL reviewing
behaviors. One potential explanation is that only certain SRL
behaviors associate with the positively-valenced values, whereas
others do not—prior studies have not explicitly examined
reviewing behaviors [2].

Finally, we found that there was a statistically significant
association between self-reported cost and grade in the course.
Aligned with SEVT [10], cost was a statistically significant
predictor of achievement. However, contrary to previous studies,
there were no statistically significant associations between
expectancies, positively-valenced values, and course grades [1, 20,
21]. Results also showed that SRL reviewing behaviors did not
statistically significantly predict grades in the course. This suggests
that students’ own perceptions mattered more than actual behavior.
Future research should examine whether reviewing behaviors
mediate the relationship between motivation and course
performance. One aspect of investigating these associations that
might be tricky is that cost was positively associated with logs and
reports of reviewing behaviors even though cost was negatively
related to grades. Perhaps, there are two facets of perceived cost. In
other words, cost promotes SRL behaviors, but also hinders
performance. Aligned with Eccles and Wigfield’s [10] SEVT, cost
is on a spectrum from negative to positive. Our results provide an
example of this negative and positive cost phenomenon. Instructors
should consider optimizing feelings of cost to the point where
students value the course enough to invest effort, but also not to the
point where they face negative consequences from engaging in the
course. This balance may be related to that seen in stress research
[e.g., 34, 47T].

One limitation in our approach is that we examined aggregate
measures of reviewing behaviors instead of examining temporally
distinct reviewing events (e.g., after a midterm exam). Investigating
the temporality of reviewing can provide insight into how students
change their SRL behaviors after key events in the course. Future
studies can leverage the multiple time points of log and survey data
throughout the academic term. In addition, reviewing, as an SRL
control process, operates within a system of SRL [26]. Although
we examined motivational aspects of this system, we did not
examine other SRL skills and processes, such as metacognitive
monitoring [30, 49]. Future studies could examine these aspects of
SRL to note how they align to self-reports within and between
constructs. Finally, in the current study, logs of students’ reviewing
behavior were measured in the context of the course LMS and an
instructor-created interface, which might have not captured all
reviewing behaviors related to this course. For instance, students
might review through Google or other online sources. However, we
believe that this construct validity concern is low, because
preliminary results from interviewing students about their learning
experiences found that most students utilized the abundant course
resources given.



These results provide insight into students’ SRL, motivation, and
performance within in-person CS courses. Our mixed alignment
between logs and self-reports of reviewing behaviors calls into
question the interchangeability of these measures. Their relations
with motivation (i.e., perceived course cost) provide insight into
how motivation and control processes operate within a system of
SRL. Understanding what SRL logs represent and predict can
inform future work to distill these student behaviors into actionable
insights for instructors. Our work also demonstrates the importance
of perceived course cost; an importance that should be considered
for future motivational interventions that to this point have largely
focused on positive aspects of task values [15, 16].
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