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The relationship between student activity data and perfor-
mance in the online classroom is well-documented, yet the
parameters of this relationship and their implications for
K-12 online schools are not yet well understood. This study
examined the role of student chronotype (defined here as the
time of day a student is most active in an online course) and
overall activity level on course performance. Clickstream
data captured by a Learning Management System from 414
students enrolled in an eleventh-grade English course in the
fall of 2018 at two Midwestern full-time K-12 virtual schools
were used to determine chronotype and activity level. Stu-
dents were classified as one of four possible chronotypes
given the mode of their click activity. Results of an ANCOVA
showed that students who were most active in the morning
significantly outperformed students who were most active in
the afternoon and evening. Morning students also tended to
be the most active overall. The results of a hierarchical re-
gression revealed that, while chronotype was related to stu-
dent performance, total student activity had an even greater
impact on performance suggesting an interesting interplay
between the two factors.
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INTRODUCTION

Online learning is known for its flexible nature (Horzum, Onder, &
Besoluk, 2014). Courses are largely asynchronous, particularly at the high
school level, and allow students to move through material at their own pace
(Lowes, Lin, & Kinghorn, 2015). This feature makes full-time virtual edu-
cation an appealing option for students who simply prefer a flexible pacing
option or whose life circumstances impact the amount of time, and time of
the day, that they can devote to their education (Carver, Mukherjee, & Lu-
cio, 2017).

This flexibility, however, may have important implications for student
performance that are not yet well understood. One potential influence may
be the time of day a student prefers to work, also known as chronotype. De-
fined as a person’s preference for activity, responsibilities, bedtimes, and
other actions related to the time of day, chronotype can vary with age, cir-
cumstances, and environment, but eventually stabilizes over time (Zerbini
& Merrow, 2017). Student chronotype has been found to have a significant
relationship with performance in both brick-and-mortar and online higher
education environments; students who prefer to work in the evening tend to
perform lower than their peers who prefer to work in the morning (David-
son & Ritchie, 2016; Preckel et al., 2013; Rahafar, Maghsudloo, Farhang-
nia, Vollmer, & Randler 2016; Valladares, Ramirez-Tagle, Mufioz, & Ob-
regon, 2018; Zerbini & Merrow, 2017).

Although chronotype is most easily assessed subjectively via question-
naire, one of the affordances of an online program is the ability to use stu-
dent data to approximate student activity (Cerezo, Sdnchez-Santillan, Paule-
Ruiz, & Nuiez, 2016; Shelton, Hung, & Lowenthal, 2017). Student activ-
ity in online courses is often extracted from clickstream data (i.e., mouse
clicks, or hits) and can provide useful information about the amount and
type of activity occurring as well as the time and duration of that activi-
ty (Dickinson, 2005; Lowes et al., 2015). The variability of student activ-
ity in online courses can also lead to a wide variety of performance out-
comes (Carver et al., 2017; Li & Tsai, 2017; Pardo, Han, & Ellis, 2017);
all of which, the online teacher has little insight into. Student differences
on factors such as chronotype can have an impact on learning (Jonassen &
Grabowski, 2012; Preckel et al., 2013). By exploring the relationship be-
tween the time of day students are most active, their level of activity in their
course, and their associated performance, we can provide teachers insight
into key student differences.

The current study employed student activity data as a means of establish-
ing student chronotype and tested whether the time of day a student is most
active in a course was related to final course performance. Prior research
has found a significant, albeit relatively weak, association between the time
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of day a student works and performance (Valladares et al., 2018; Zerbini &
Merrow, 2017; Zerbini et al., 2017). However, current research is based on a
mixture of brick and mortar, online, and blended programs and has general-
ly focused on higher education students. The current study sought to expand
the existing literature by focusing on students enrolled at full-time K-12 vir-
tual schools and by using learning management system (LMS) student ac-
tivity data as a means of identifying student chronotype.

Participants in the current study were eleventh-grade students enrolled in
an English course at two Midwestern, full-time, K-12 virtual schools. Both
locations use the same course, curriculum, and proprietary LMS from which
student performance and clickstream data were extracted. The purpose of
this research is to go beyond identifying the impact chronotype may have
on student performance and to generate insights about how, and to what de-
gree, student activity within a course can help educators provide data-driv-
en support and foster higher engagement and performance (Dvorak & Jia,
2016; Quinn & Gray, 2020).

BACKGROUND

Online learning is a growing option for many students, especially for pri-
mary and secondary education (Curtis & Werth, 2015; Liu & Cavanaugh,
2011, 2012; Shelton et al., 2017). Currently, full-time virtual schools can
operate in 37 states (National Center for Education Statistics, 2017), and as
most recently measured, 295,518 students were enrolled in full-time virtual
schools during the 2016-17 school year (Miron, Shank, & Davidson, 2018).
As enrollment in these institutions is expected to expand, more research is
needed to understand how to deliver an effective learning experience and
optimize student performance. Student activity captured by the LMS pro-
vides a unique and valuable opportunity for educators to generate data-driv-
en insights about online learning (Lowes et al., 2015).

LITERATURE REVIEW

Clickstream Data and Learning Analytics

Unlike brick and mortar classrooms, student behavior in the online en-
vironment is often not directly observable. Clickstream data captured by an
LMS, or peripheral tracking software, are used to approximate student be-
havior in the virtual classroom (Cerezo et al., 2016; Il-Hyun, Kim, & Yoon,
2015; Kim, Park, Yoon, & Jo, 2016). Types of activity data can include log-
in times and duration, discussion posts, resources used, multimedia usage,
video playback behavior, and overall ‘hits’ in the online course. Learning
analytics has emerged as a way for researchers and educators to glean ac-
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tionable insights from this type of student activity data (Gasevic, Dawson,
& Siemens, 2015; Jorno & Gynther, 2018; Rogers, Dawson, & Gasevic,
2016; Siemens, 2013). These insights can be used to support educators with
a more data-driven instructional experience and enable them to better per-
sonalize, support, predict, and intervene in student learning(Cerezo et al.,
2016; Reyes, 2015).

One important goal of learning analytics research is to explain student
outcomes to better support student learning and intervene where appropri-
ate (Firat, 2016; Lu et al., 2018). However, while student activity data has
been a popular data source (Carver et al., 2017; Colthorpe, Zimbardi, Ain-
scough, & Anderson, 2015; Dvorak & Jia, 2016; Lowes et al., 2015; Shel-
ton et al., 2017; Xing, Guo, Petakovic, & Goggins, 2015), researchers have
cautioned against reducing students down to their data points at the risk of
overinterpreting or losing important contextual information related to the
learning process (Gasevic et al., 2015; Lara, Lizcano, Martinez, Pazos, &
Riera, 2014). Clickstream data can also mask underlying factors that impact
activity levels and subsequent performance (Lara et al., 2014; Perrotta &
Williamson, 2018; Tempelaar, Rienties, & Nguyen, 2017). That said, there
remains a growing interest within learning analytics research to utilize stu-
dent activity data, especially within K-12 online education, to glean insights
into how varying levels of activity impact student outcomes (Agudo-Pereg-
rina, Iglesias-Pradas, Conde-Gonzalez, & Hernandez-Garcia, 2014; Lowes
etal., 2015).

Several studies have successfully demonstrated the relationship between
student clickstream data and course performance (Dickinson, 2005; Dvorak
& Jia, 2016; Lu et al., 2018; You, 2015). In particular, the amount of activ-
ity in online courses has been shown to relate to student outcomes (Agudo-
Peregrina et al., 2014; Cerezo et al., 2016; Li & Tsai, 2017; Liu & Cavana-
ugh 2011, 2012; Lowes et al., 2015). Hrastinski (2009) posited in his theory
of online learning as online participation, that to increase online learning,
participation online also needs to be increased. Interestingly, while obvious
differences exist between directly observing brick-and-mortar students at-
tending their course and student activity among virtual students, the positive
correlation between student activity and performance in the two environ-
ments is relatively similar (Dickson, 2005).

Some researchers, however, have found that the level of activity in the
LMS had a negative or intermediate relationship with student performance
(Cavanaugh et al., 2016; Colthorpe et al., 2015). Liu and Cavanaugh (2012)
examined fully online Algebra courses for K-12 students and found that
those who logged into the LMS less frequently achieved higher scores,
while students who spent more time in the LMS performed better. Carver,
Mukherjee, and Lucio (2017) found that time spent in various components
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of nine online undergraduate courses did not predict what specific final
grade the student would obtain, but that the time spent in synchronous ses-
sions predicted whether or not a student would achieve a final grade of A.
Dickinson (2005) encouraged consumers of LMS activity data to consider
that the quality of student activity may reflect more efficient learning than
the quantity of student activity. These findings along with the current body
of research confirm that having additional information about student behav-
ior and level of interaction with the LMS can provide valuable insights for
educators and administrators alike.

Chronotype

One factor that has been shown to impact student performance is student
chronotype (or inner biological clock), which has been found to relate to
the time of day that a student is most productive (Enright & Refinetti, 2017;
Horzum et al., 2014; Luo et al., 2018; Rahafar et al., 2016; Zerbini & Mer-
row, 2017). Chronotype can be assessed using students’ self-reported pref-
erences for the time of day they prefer to do their schoolwork, and these
preferences have been shown to impact levels of activity and performance;
Morningness is often associated with higher performance than eveningness
(Enright & Refinetti, 2017; Preckel et al., 2013; Zerbini & Merrow, 2017).
Specifically, students who prefer to work in the morning are also more ac-
tive (Luo et al., 2018) and outperform students who work in the evening
(Enright & Refinetti, 2017).

Researchers have extended this work to online courses to determine if
the flexibility of online learning is a solution to the impact chronotype has
on synchronous student performance. However, this work has been limited
primarily to higher education. Dvorak and Jia (2016) examined whether the
level of undergraduate student activity, time of day, and proactive work on
assignments in the course management system were associated with higher
performance. They found that students who received the lowest scores in
the course (or those who ended up withdrawing) visited the online course
far less than their peers, and when they did it was mostly late at night.
Conversely, students with higher course scores tended to visit the course
most frequently and in the early afternoon. These findings mirror the cur-
rent study’s aim and suggest that both level and time of activity may im-
pact student course performance despite the flexibility of the course. Luo
et al. (2018) found that students who preferred to work in the morning had
more hits in the LMS during their preferred time than in the evening, and
similarly, students who preferred to work in the evening had more hits in the
evening than in the morning. While the student’s preferred time to work in
the LMS did not predict course performance, their level of activity did.
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Horzum, Onder, and Besoluk (2014) captured student chronotype and
motivation toward learning via survey. They found that among the under-
graduate online learning students, there was no significant difference in per-
formance based on chronotype. Instead, there was a significant difference
among the chronotypes, with morning-type students exhibiting the highest
levels of motivation. Similarly, Roeser, Schlarb, and Kubler (2013) found
that motivation had a mediating effect between chronotype and student per-
formance in adolescent brick-and-mortar students. Morning-type students
had a positive association with motivation, and hence, performance. These
findings suggest that the flexibility of online learning could enhance eve-
ning-type student performance by alleviating the effect chronotype can have
on student motivation and by association, performance.

RESEARCH QUESTIONS

Given that higher activity in the LMS is related to higher academic per-
formance (Luo et al., 2018), the current study sought to explore how the
time of day students work within online courses relates both to activity level
and performance. Prior research with online higher education and brick-
and-mortar settings suggests an important relationship between time of day
a student prefers to work, activity level, and academic performance. How-
ever, there is a gap in research available for K-12 students, and the ques-
tion is particularly relevant given the inherent flexibility of the virtual K-12
online classrooms. Thus, we first analyzed how course performance varied
with the time of day students were most active based on LMS activity data.
Next, we examined the effect of total activity level on course performance
after controlling for the time of day they were most active. Late enrollment
was a covariate in both analyses as that is a known confound in education
research. Highly mobile students, or students who change schools more
than the normal rate, end up enrolling late and consequently performing be-
low their typically enrolled peers (Welsh, 2017).

RQ 1: Did performance among eleventh-grade English students enrolled
in full-time virtual schools differ based on the time of day they were most
active in the online course after controlling for late enrollment?

RQ 2: Did total activity (# of student hits) throughout the course impact
student performance in eleventh-grade English after controlling for the time
of day they were most active and late enrollment?
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METHODS

Participants and Study Design

The sample included 414 students enrolled in an eleventh-grade English
course in two full-time virtual schools. The school principals and student
caretakers provided their consent to have their data used for this analysis
via electronic form in the LMS. All students completed the course with a
final grade. An Analysis of Covariance (ANCOVA) and hierarchical linear
regression were used to analyze the differences in the English 11 A course
scores as a function of the time of day that students were most active in the
course. We also investigated how the total number of hits students produced
in the course throughout the semester impacted their course score after con-
trolling for the time of day they were most active.

Data Collection

Analyses were based on Google page tracker and proprietary LMS data
for an English 11 A course taken by students in the fall of 2018 at two Mid-
western full-time virtual K-12 schools. These locations utilize the same
proprietary LMS, curriculum, and course materials. Google page tracker
captures the clicks a student makes within the virtual English 11 A course.
When students click on a resource that directs them to a third-party site or
otherwise external destination to the LMS, Google page tracker stops track-
ing clicks until they re-enter the LMS. For the current analysis, the data
consisted of student enrollment status, English 11 A course score recorded
at the end of the semester in the LMS, and the time of day that the student
was most active based on Google page tracker.

Mode of Student Activity

Student clickstream data captured within the LMS were used to obtain
both student activity levels in the online course and the time of day the stu-
dent was most active (a proxy for Chronotype). The time of day a student
most frequently worked in the virtual classroom (mode) was used to deter-
mine what time of day they were most active, notwithstanding their prefer-
ence or biological predisposition. This method is similar to the one used by
Luo et al. (2018) in which mouse-clicks (i.e. hits) in the LMS were used to
approximate student activity.

Mouse clicks, or hits, a student made within their English 11 A course
were captured by Google Page Tracker. These were subsequently recorded,
totaled, and categorized into one of four times of day: morning (5 AM-11
AM), afternoon (12 PM-4 PM), evening (5 PM-11 PM) and overnight (12
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AM-4 AM). The time of day a student was most active was calculated by
taking the mode of these categories for each student. All 414 students were
classified into one of the four times of the day (chronotype) when they are
most active given the mode of their click activity.

Academic Performance and Enrollment

English 11 A course score was recorded at the end of the semester in the
LMS. Final grades ranged from 1% to 98% with a mean of 71.5%. Also, in
the data were students’ enrollment statuses; that is, whether the student was
enrolled on the first day of the fall semester or late. There were 309 (74.6%)
students enrolled on time, and 105 (25.4%) students enrolled late.

RESULTS

The analyses proceeded in two steps. First, a one-way ANCOVA was
used to explore the relationship between English course performance among
eleventh-grade full-time virtual students and the time of day that they were
most active in the course after controlling for the effect of late enroliment.
Second, hierarchical regression was employed to assess whether total activ-
ity within the online course had an impact on student performance after con-
trolling for the time of day they were most active and late enroliment.

Descriptive Statistics

As shown in Table 1, students who were most active in the morning
earned, on average, the highest final score in the course (76%), while stu-
dents who were most active overnight had the lowest performance of the
chronotype classifications (62%). The group of overnight chronotype stu-
dents was the smallest. Table 2 displays the average total number of hits
made in the course based on chronotype classification. Students who were
most active in the LMS in the morning were also the most active users over-
all based on the average total amount of hits made. This suggests the im-
portance of investigating student chronotype in the context of their overall
activity level in the course.

Table 1
Course Score and Late Enroliment by Chronotype

Chronotype N Avg. course score SD Enrolled late
Morning 94 76.4% 17.3 22.3%
Afternoon 237 71.2% 20.2 27.2%
Evening 72 67.6% 20.1 28.8%

Overnight 11 62.1% 26.6 28.3%




Student Clickstream Data: Does Time of Day Matter? 163

Table 2
Average Total Hits by Chronotype

Chronotype N Avg. total hits SD

Morning 94 1156 574

Afternoon 237 974 389

Evening 72 932 272

Overnight 11 980 332
One-Way ANCOVA

A one-way ANCOVA was run to determine the effect of student chrono-
type on final English course scores after controlling for late student enroll-
ment. Although the covariate of late enrollment was binary, the homogene-
ity of slopes assumption was tested. The relationship between late enroll-
ment and English score was found to be consistent among the majority of
chronotype categories (afternoon, evening, and overnight). However, the
relationship between the covariate and English scores differed (changed di-
rection) for morning students. Standardized residuals were abnormally dis-
tributed, as assessed by Shapiro-Wilk’s test (p < .001). However, ANCOVA
is known to be robust against this minor violation (Rutherford, 2011). There
were homoscedasticity and homogeneity of variances, as assessed by vi-
sual inspection of a scatterplot and Levene’s test for homogeneity of vari-
ance (p = .54), respectively. Independence of residuals was assessed by the
Durbin-Watson statistic of 1.77 and fell within the appropriate range of 1.5
and 2.5 (Field, 2011). The interaction of chronotype and the covariate was
not significant. There was no multicollinearity as the tolerance value was
not smaller than 0.1, and variance inflation factor (VIF) value was not larger
than 10. There were no outliers in the data as assessed by the absence of
cases with standardized residuals greater than +3 standard deviations. With
all assumption tested, the results of the analysis can still be interpreted.

The results revealed that after adjustment for student’s late enrollment
status, there was a statistically significant difference in English course
scores between the chronotype categories, F (4, 414) = 6.46, p < .001, par-
tial n2 = .06. However, the overall adjusted R? = .050, was a small effect
size. The covariate of late enrollment was significantly related to the course
score, F (1, 409) = 14.33, p < .001, partial n2 = .04, with a small effect
size. There was also a significant effect for student chronotype on the course
score after controlling for late enrollment, F (3, 409) = 3.44, p < .05, partial
N2 =.03. Again, a small effect size was found.
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ANCOVA for English Course Score Differences among Times of Day and On-Time Enroliment

Ti%?nl g df Mean Partial Observed
of squares square n? power?®

Corrected Model .98 4 .25 6.46 .00 .06 .99
Intercept 61.39 1 61.39 1622.30 .00 .80 1.00
Enroliment 54 1 54 14.33 00" .04 97
Chronotype .39 3 13 3.44 02* .03 77
Error 15.48 409 .04

Total 228.30 414

Corrected Total 16.46 413

Note: a. R? = .059 (Adjusted R? = .050), b. Computed using alpha = .05

*a<.05, *a<.01, " a<.001

Post hoc analyses were performed using bootstrap pairwise comparisons
of the estimated marginal means and were adjusted due to the presence of a
covariate using Bonferroni adjustment (See Table 4). All popular post hoc
methods (Fisher’s LSD, Bonferroni, and Sidak) indicated similar significant
differences. Only the results of the Bonferroni post hoc are displayed. There
was a significant difference in the English 11 A course score between morn-

ing students and afternoon students M

diff

=.048, 95% CI [-.001, .092], p < .05.

There was also a significant difference in the course score between morning
students and evening students, M .= .083, 95% CI [.022, .141], p < .01.

Table 4

Bootstrap for Pairwise Comparisons (Bonferroni Adjustment)

Chronotype (I) Chronotype (J) Me("li_rj])d'ﬁ Bias ;tr%' ] p
Morning Afternoon .048 -.001 .022 .039*
Evening .083 -.001 .029 .009*
Overnight 138 -.002 076 .057
Afternoon Morning -.048 .001 .022 .039*
Evening .035 .001 .026 .185
Overnight .091 .000 074 193
Evening Morning -.083 .001 .029 .009**
Afternoon -.035 -.001 .026 .185
Overnight .055 -.001 077 442
Overnight Morning -.138 .002 .076 .057
Afternoon -.091 .000 074 193
Evening -.055 .001 077 442

‘a<.05 *a<.01
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Hierarchical Regression

A hierarchical multiple regression was used to determine whether the ad-
dition of total student activity level (hits) improved the prediction of Eng-
lish 11 A course score over and above late enrollment and chronotype (See
Tables 5 and 6). Analyses of the assumptions for hierarchical linear regres-
sion revealed a violation of homoscedasticity as assessed by visual inspec-
tion of a plot of studentized residuals versus unstandardized predicted val-
ues. The assumption of normality was also slightly violated. For this reason,
a square transformation was performed on the dependent variable (English
11 A course score) (Field, 2017). The assumptions of homoscedasticity and
normality were then met via non-significant Breusch-Pagan test statistic and
P-P plot, respectively. There was evidence of linearity as assessed by partial
regression plots and a plot of studentized residuals against the predicted val-
ues. Independence of residuals was assessed by the Durbin-Watson statistic
of 1.78 and fell within the appropriate range of 1.5 and 2.5 (Field, 2011).
There was also no clear violation when standardized residuals were plot-
ted on an autocorrelation function (ACF) plot. There was no evidence of
multicollinearity, as assessed by tolerance values greater than 0.1. There
was | student with standardized residual greater than +3 standard deviations
(which was removed as an outlier), although there were no leverage values
greater than 0.2, and no values for Cookos distance above 1. With the square
transformation of student course scores, all assumptions were met, and the
results of the hierarchical multiple regression can be considered valid.

The full model of late enrollment, chronotype, and total activity (block
2) was statistically significant, R? = .26, F (1, 406) = 108.02, p < .001; ad-
justed R? = .25. Late enrollment and chronotype (block 1) had a statistical-
ly significant relationship to English course scores, R? = .06, F (2, 407) =
12.64, p < .001. The addition of total activity also related to a statistically
significant increase in the amount of variance the model accounted for, AR?
=.20.

According to the model displayed in Table 5, chronotype and late enroll-
ment explained 5.8% of the variance in student final course scores (block
1). The addition of total hits the student produced in the course in block 2 of
the model explained an additional 19.8% variance in course score, the larg-
est impact on the English course score. The time of day a student is most
active (chronotype), and late enrollment, may simply provide context to the
more impactful variable of a student’s total activity throughout the course.
This could indicate that the time of day when a student is most active still
matters. Students who start their work in the morning may have more time
in the day to keep clicking and higher levels of overall click activity. Stu-
dents who begin to be active in the evening may simply have less time left
in the day to generate high levels of activity.
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Table 5
Hierarchical Regression Model and ANOVA Summary

Model Summary ANOVA
Ad.  Std.
2 2
Bock R R # oror AR AF df12) p F a2 p
1 24a 06 .05 23 06 1264 2,407 .00 1264 2,407 .00
2 51b .26 .25 20 .20 108.02 1,406 .00 46.65 3, 406 .00

Note: a. Constant, Chronotype and Enroliment,
b. Constant, Total hits, Covariates: Chronotype and Enrollment
Dependent Variable: English Course Score (squared)

Table 6
Hierarchical Regression Coefficients
Block B B p VIF
1 Late -.09 -17 .00 1.00
Chronotype ~ -.05 -.16 .00 1.00
2 Late -.06 -12 .01 1.02
Chronotype  -.04 -11 .01 1.02
Total Hits .00 45 .00 1.03

Note: Dependent Variable: English Course Score (squared)

DISCUSSION

This study used a novel way to approximate chronotype with student ac-
tivity data to shed light on a previously under-researched population of on-
line students. Unlike previous studies that have relied on student surveys,
student activity data captured by the LMS were used to determine the time
of day eleventh-grade students at full-time virtual schools were most active
in their English course. Ultimately, students who were most active in the
morning performed significantly better than students who were most active
in the afternoon and evening. It’s also likely that morning students do sig-
nificantly better than overnight students, yet our tests failed to detect any
significant effects due to the small number of students who were most ac-
tive overnight. These findings mirror current research that focused on brick
and mortar settings and higher education (Enright & Refinetti, 2017; Zerbini
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& Merrow, 2017). However, like Luo et al. (2018), students in the current
study who worked most frequently in the morning were also the most ac-
tive overall based on their total number of hits in the LMS throughout the
course. This suggests that while course performance is related to the time
of day a student is working, the amount of activity they exhibit may have an
even greater impact. Future research should continue to explore the relative
influence of these two factors.

As full-time, virtual K - 12 programs become an increasingly desirable
option for students who seek a more flexible learning model, researchers
will need to continue to explore how this flexibility impacts student out-
comes. The findings from this study were able to show that with the flex-
ibility of an online environment, student choices about time of day that
they work (chronotype) and student activity levels play a part in student
outcomes. Online learning programs offer students the opportunity to adapt
their education to their preferred learning style and environment and opti-
mizing this experience for students is vital to the future of online education.
The findings from the current study suggest more information is needed
surrounding the time of day K-12 students are able, or choose to, complete
their online coursework. Future K-12 research could use surveys to better
contextualize the LMS chronotype method used here to determine if stu-
dents are working in the evening by choice, or by circumstance. Virtual edu-
cators rarely have insight into these student factors.

More broadly, while the findings from this study begin to illuminate the
relationships between the time and amount of click activity, more can be
learned about full-time K-12 students based on LMS activity such as effec-
tive patterns of activity and evidence of engagement or other affective states
(such as boredom or frustration) that may be reflected in the data. Ultimate-
ly, as more information is gathered, student activity data could be used as a
non-invasive proxy for an array of student attitudes and behaviors that can
inform online instructional practices and enable more individualized learn-
ing experiences for students.

Declaration of Conflicting Interest

The author(s) declared no potential conflicts of interest with respect to
the research, authorship, and/or publication of this article.

Funding

The author(s) declared no financial support for the research, authorship,
and/or publication of this article.

Acknowledgments

The authors would like to thank Michael K. Barbour for his insight into
the topics related to this study and the feedback he provided on the article’s
content.



168 Ricker, Koziarski, and Walters

References

Agudo-Peregrina, A., Iglesias-Pradas, S., Conde-Gonzalez, M., & Hernandez-Garcia, A.
(2014). Can We Predict Success from Log Data in VLEs? Classification of Interac-
tions for Learning Analytics and Their Relation with Performance in VLE-Supported
F2F and Online Learning. Computers in Human Behavior, 31, 542-550. https://doi.
org/10.1016/j.chb.2013.05.031.

Carver, L., Mukherjee, K. & Lucio, R. (2017). Relationship Between Grades Earned and
Time in Online Courses. Online Learning, 21, 303-13. https://doi.org/10.24059/0l;.
v21i4.1013

Cavanaugh, C., Hargis, J., & Mayberry, J. (2016). Participation in the Virtual Environment
of Blended College Courses: An Activity Study of Student Performance. The Inter-
national Review of Research in Open and Distributed Learning, 17(3). https://doi.
org/10.19173/irrodl.v17i3.1811

Cerezo, R., Sanchez-Santillan, M., Paule-Ruiz, M., & Nufez, J. (2016). Students’ LMS
Interaction Patterns and Their Relationship with Achievement: A Case Study in
Higher Education. Computers & Education, 96, 42-54. https://doi.org/10.1016/j.
compedu.2016 .02.006.

Colthorpe, K., Zimbardi, K., Ainscough, L., & Anderson, S. (2015). Know Thy Student!
Combining Learning Analytics and Critical Reflections to Increase Understanding of
Students’ Self-Regulated Learning in an Authentic Setting. Journal of Learning Ana-
Iytics, 2(1), 134-155. https://doi.org/10.18608/jla.2015.21.7

Davidson, A., & Ritchie, K. L. (2016). The early bird catches the worm! The impact of
chronotype and learning style on academic success in university students. Teach-
ing and Learning Innovations, 18.

Dickson, W. P. (2005). Toward a deeper understanding of student performance in virtual
high school courses: Using quantitative analyses and data visualization to inform
decision making. A synthesis of new research in K-12 online learning, 21-23.

Dvorak, T., & Jia, M. (2016). Do the Timeliness, Regularity, and Intensity of Online Work
Habits Predict Academic Performance? Journal of Learning Analytics, 3(3), 318—
330. https://doi.org/10.18608/jla.2016.33.15

Enright, T., & Refinetti, R. (2017). Chronotype, class times, and academic achievement
of university students. Chronobiology International, 34(4), 445-450. https://doi.org/1
0.1080/07420528.2017.1281287

Field, A. (2011). Discovering statistics using SPSS (and sex and drugs and rock’n’roll)
(Vol. 497). London: Sage.

Field, A. (2017). Discovering statistics using IBM SPSS statistics: North American edi-
tion. sage.

Firat, M. (2016). Determining the Effects of LMS Learning Behaviors on Academic
Achievement in a Learning Analytic Perspective. Journal of Information Technology
Education: Research, 15, 75-87. https://doi.org/10.28945/3405

Gasevic, D., Dawson, S., & Siemens, G. (2015). Let’s not forget: Learning analytics are
about learning. TechTrends, 59. https:/doi.org/10.1007/s11528-014-0822-x

Horzum, M. B., Onder, i., & Besoluk, S, . (2014). Chronotype and academic achieve-
ment among online learning students. Learning and Individual Differences, 30, 106—
111. https://doi.org/10.1016/j.lindif.2013.10.017

Hrastinski, S. (2009). A theory of online learning as online participation. Computers &
Education, 52(1), 78-82. https://doi.org/10.1016/j.compedu.2008.06.009



Student Clickstream Data: Does Time of Day Matter? 169

[I-Hyun, J., Kim, D., & Yoon, M. (2015). Constructing proxy variables to measure adult
learners’ time management strategies in LMS. Journal of Educational Technology &
Society, 18(3), 214.

Jonassen, D. H., & Grabowski, B. L. (2012). Handbook of individual differences, learning,
and instruction. Routledge.

Jorng, R. L., & Gynther, K. (2018). What Constitutes an ‘Actionable Insight’ in Learning
Analytics? Journal of Learning Analytics, 5(3), 198-221. https://doi.org/10.18608/jla.
2018.53.13

Kim, D., Park, Y., Yoon, M., & Jo, I.-H. (2016). Toward evidence-based learning ana-
Iytics: Using proxy variables to improve asynchronous online discussion environ-
ments. The Internet and Higher Education, 30, 30-43. https://doi.org/10.1016/}.ihe-
duc.2016.03.002

Lara, J. A, Lizcano, D., Martinez, M. A., Pazos, J., & Riera, T. (2014). A system for
knowledge discovery in e-learning environments within the European Higher Edu-
cation Area—Application to student data from Open University of Madrid, UDIMA.
Computers & Education, 72, 23-36. https://doi.org/10.1016/j.compedu.2013.10.009

Li, L.-Y., & Tsai, C.-C. (2017). Accessing online learning material: Quantitative behav-
ior patterns and their effects on motivation and learning performance. Computers &
Education, 114, 286-297. https://doi.org/10.1016/j.compedu.2017.07.007

Liu, F., & Cavanaugh, C. (2011). Success in online high school biology: Factors influenc-
ing student academic performance. Quarterly Review of Distance Education, 12(1),
37.

Liu, F., & Cavanaugh, C. (2012). Factors Influencing Student Academic Performance in
Online High School Algebra. Open Learning: The Journal of Open, Distance and e-
Learning, 27, 149-167. https://doi.org/10.1080/02680513.2012.678613

Lowes, S., Lin, P., & Kinghorn, B. (2015). Exploring the Link between Online Behaviours
and Course Performance in Asynchronous Online High School Courses. Journal of
Learning Analytics, 2(2), 169-194. https://doi.org/10.18608/jla.2015.22.13

Lu, O. H. T, Huang, A. Y. Q., Huang, J. C. H., Lin, A. J. Q., & Yang, S. J. H. (2018).
Applying Learning Analytics for the Early Prediction of Students’ Academic Perfor-
mance in Blended Learning. Education Technology & Society, 21(2),220-232.

Luo, Y., Pan, R., Choi, J. H., & Strobel, J. (2018). Effects of Chronotypes on Stu-
dents’ Choice, Participation, and Performance in Online Learning. Jour-
nal of Educational Computing Research, 55(8), 1069-1087. https:/doi.
org/10.1177/0735633117697729

Miron, G., Shank, C., & Davidson, C. (2018). Full-time virtual and blended schools: En-
rollment, student characteristics, and performance. Boulder, CO: National Educa-
tion Policy Center.

National Center for Education Statistics. (2017). State Education Reforms (SER). Na-
tional Center for Education Statistics, Digest of Education Statistics 2017. Retrieved
from https://nces.ed.gov/programs/statereform/tab4_3.asp

Pardo, A., Han, F., & Ellis, R. A. (2017). Combining University Student Self-Regulated
Learning Indicators and Engagement with Online Learning Events to Predict Aca-
demic Performance. IEEE Transactions on Learning Technologies, 10(1), 82-92.
Retrieved from http://ieeexplore.ieee.org/xpl/Recentlssue.jsp?punumber=4620076

Perrotta, C., & Williamson, B. (2018). The social life of learning analytics: Cluster analy-
sis and the performance of algorithmic education. Learning, Media and Technology,
43(1), 3-16. https://doi.org/10.1080/17439884.2016.1182927

Preckel, F., Lipnevich, A. A., Boehme, K., Brandner, L., Georgi, K., Kénen, T., ... Rob-
erts, R. D. (2013). Morningness-eveningness and educational outcomes: The lark
has an advantage over the owl at high school. British Journal of Educational Psy-
chology, 83, 114-134. DOI: 10.1111/].2044-8279.2011.02059.x.



170 Ricker, Koziarski, and Walters

Quinn, R. J., & Gray, G. (2020). Prediction of student academic performance using Moo-
dle data from a Further Education setting. Irish Journal of Technology Enhanced
Learning, 5(1).

Rahafar, A., Maghsudloo, M., Farhangnia, S., Vollmer, C., & Randler, C. (2016). The role
of chronotype, gender, test anxiety, and conscientiousness in academic achieve-
ment of high school students. Chronobiology International, 33(1), 1-9. https://doi.org
/10.3109/07420528.2015.1107084

Reyes, J. (2015). The skinny on big data in education: Learning analytics simplified.
TechTrends: Linking Research & Practice to Improve Learning, 59(2), 75-80.
https://doi.org/10.1007/s11528-015-0842-1

Roeser, K., Schlarb, A. A., & Kibler, A. (2013). The Chronotype-Academic Performance
Model (CAM): Daytime sleepiness and learning motivation link chronotype and
school performance in adolescents. Personality and Individual Differences, 54(7),
836-840. hitps://doi.org/10.1016/j.paid.2012.12.021

Rogers, T., Dawson, S., & Gasevic, D. (2016). 12 Learning Analytics and the Imperative
for Theory-Driven Research. In C. Haythornthwaite, R. Andrews, J. Fransman, &
E. Meyers, The SAGE Handbook of E-learning Research (pp. 232-250). https:/doi.
0rg/10.4135/9781473955011.n12

Rutherford, A. (2011). ANOVA and ANCOVA: a GLM approach. John Wiley & Sons.

Shelton, B. E., Hung, J.-L., & Lowenthal, P. R. (2017). Predicting student success by
modeling student interaction in asynchronous online courses. Distance Education,
38(1), 59-69. https://doi.org/10.1080/01587919.2017.1299562

Siemens, G. (2013). Learning analytics: The emergence of a discipline. American Behav-
ioral Scientist, 57 (10), 1380-1400. https://doi.org/10.1177/0002764213498851

Tempelaar, D. T., Rienties, B., & Nguyen, Q. (2017). Towards actionable learning analyt-
ics using dispositions. IEEE Transactions on Learning Technologies, 10(1), 6-16.
https://doi.org/10.1109/TLT.2017.2662679

Valladares, M., Ramirez-Tagle, R., Mufioz, M. A., & Obregdn, A. M. (2018). Individual
differences in chronotypes associated with academic performance among Chilean
University students. Chronobiology International, 35(4), 578-583. https://doi.org/10.
1080/07420528.2017.1413385

Welsh, R. O. (2017). School hopscotch: A comprehensive review of K—12 student mobil-
ity in the United States. Review of Educational Research, 87(3), 475-511. https://
doi.org/10.3102/0034654316672068

Xing, W., Guo, R., Petakovic, E., & Goggins, S. (2015). Participation-based student final
performance prediction model through interpretable Genetic Programming: Integrat-
ing learning analytics, educational data mining and theory. Computers in Human
Behavior, 47, 168—181. https://doi.org/10.1016/j.chb.2014.09.034

You, J. W. (2015). Examining the Effect of Academic Procrastination on Achievement
Using LMS Data in e-Learning. Journal of Educational Technology & Society, 18(3),
64-74.

Zerbini, G., & Merrow, M. (2017). Time to learn: How chronotype impacts education.
PsyCh Journal, 6(4), 263-276. https://doi.org/10.1002/pchj.178

Zerbini, G., van der Vinne, V., Otto, L. K., Kantermann, T., Krijnen, W. P., Roenneberg,
T., & Merrow, M. (2017). Lower school performance in late chronotypes: underly-
ing factors and mechanisms. Scientific reports, 7(1), 4385. https://doi.org/10.1038/
s41598-017-04076-y

Zhang, X. (2016). An Analysis of Online Students’ Behaviors on Course Sites and the
Effect on Learning Performance: A Case Study of Four LIS Online Classes. Journal
of Education for Library and Information Science Online, 57(4), 255-270. https://doi.
org/10.12783/issn.2328-2967/57/4/1



