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Student attendance is a predictive measure of success in brick-and-mortar schools with little research ex-
amining this relationship in online schools. This study explores students in online classrooms within online
schools, to determine if the days a student was active on a course during the Covid-19 pandemic predicted
success. A multilevel modeling found fixed effects for level-1 (days active, gender, ethnicity, free and reduced
lunch), level-2 (class size, grade-level, and subject), and random slope for days active significant. School size
did not improve the model. Student days active is a powerful predictor and offers insight into student success

in online schools.
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INTRODUCTION

Historically, attendance has been a prerequisite
of success in school and has been linked with
multiple outcomes for students throughout
their elementary, middle, and high school edu-
cation. First, attendance strongly predicts over-
all grades, GPA, and test scores. Allensworth
and Easton (2017) found that students who
miss less than one week of school per semester
have a GPA of 3.0 or higher at the end of their
first year. Their results also showed that mod-

erate absenteeism affected students’ academic
success, finding that even students with high
test scores, who missed two or more weeks of
school per semester, were more likely to fail
than students with low test scores whose ab-
sences totaled one week or less (Allensworth
& Easton, 2007). Further, missing two or more
weeks of school negatively impacts students’
math achievement (Balfanz & Byrnes, 2012;
Gottfried, 2014; Gottfried & Kirksey, 2017).
Absenteeism also hurts students’ test perfor-
mance (Balfanz & Byrnes, 2012; Ginsburg et
al., 2014; Gottfried, 2014; Gottfried & Kirk-
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sey, 2017). Liu et al. (2021) found that missing
10 classes “reduces math or English Language
Arts test scores by 3—4% of a standard devia-
tion and course grades by 17-18% of a stan-
dard deviation” (p. 104441).

While most of the prior research on atten-
dance and student outcomes was focused on
brick-and-mortar schools, there needs to be
more research in examining online schools.
Online schooling was brought into the lime-
light with the COVID-19 pandemic as fam-
ilies across the United States became more
familiar with online approaches to education.
Many brick-and-mortar schools closed for
a time and adapted their model to an online
approach. However, online schools did not
need to modify their academic programming
during the pandemic. Having been in existence
since 1997, they were able to continue provid-
ing quality educational experiences with cur-
riculum made for online use, staff trained to
teach online, and technology able to provide
this mode of education. Therefore, exploring
student outcomes and attendance data during
the pandemic should produce results similar to
those during non-pandemic times.

Using a generalized mixed-method ap-
proach to multilevel modeling, the researchers
looked deeper at the implications of attendance
in an online school and student grade out-
comes. This research is essential to determine
if attendance predicts academic success in the
online school environment. This information
would allow schools and districts to create
educational support and policies grounded in
scholarly research on online students’ atten-
dance and academic success.

LITERATURE REVIEW

The literature on attendance and student out-
comes finds that, as students progress through
middle and high school, there is a rise in the
level of absenteeism (Balfanz & Byrnes, 2012;
Bauer et al., 2018). Patterns of student absenc-
es can predict dropping out of high school (Al-
lensworth & Easton, 2007; Balfanz & Byrnes,

2012; Kirksey, 2019; Schoeneberger, 2012).
Roby (2004) explored the relationship be-
tween student attendance and achievement in
Ohio at the 4th, 6th, 9th, and 12th-grade levels.
School absences and their damaging impact
on achievement rates were most significant in
9th grade. Transitioning from middle to high
school is key for students (Welsh, 2018). Ab-
sences during this period are negatively as-
sociated with educational outcomes (Welsh,
2018). Ninth grade was also a critical year in
analyses of student data in Chicago, where
course performance at this grade level predict-
ed the likelihood that students would graduate
(Allensworth & Easton, 2007). In examining
attendance data from a large, urban school
district in California, Lui et al. (2021) found
that 10 absences in 9th grade reduced both the
probability of on-time graduation and subse-
quent enrollment in college. Similarly, Balfanz
& Byrnes (2012) found that students with 10
absences or more during the 10th-grade year
who graduated enrolled in post-secondary
school at a rate of 25% less than their peers.

In 2015, when replacing federal No Child
Left Behind legislation, the Every Student
Succeeds Act (ESSA) added that states need-
ed to adopt a school quality indicator and ac-
ademic measures. The link between school
absences and student outcomes is so vital that
36 states and the District of Columbia adopted
chronic absenteeism as an indicator of school
quality and student success (Bauer et al., 2018;
Ginsburg et al., 2014).

In March 2020, many schools closed for
some time while pivoting to online, synchro-
nous, or asynchronous learning due to the pan-
demic. It was common for schools to be closed
for one or more weeks during this transition.
Missing school for that week or two placed
students at an above-average rate in absentee-
ism levels in a regular school year. Prior liter-
ature on absenteeism and its significant impact
on students’ academic outcomes suggests that
the pandemic and subsequent absences nega-
tively impact students’ academic achievement.
Schools commonly report their academic and
school quality indicator data annually. How-
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ever, the pandemic impacted both the data
collection and reliability of that data. Instead,
researchers utilized literature on attendance
and achievement to predict student outcomes.
Their results indicated that students would end
the 2019-2020 school year with decreased
learning gains in ELA and math, with math
being the most negatively affected (Kuhfeld et
al., 2020; Liu et al., 2021; Santibanez & Guari-
no, 2021). Further, Liu et al. (2021) projected a
3-to-4 decrease in high school graduation and
college enrollment.

While brick-and-mortar schools were piv-
oting their model to provide education to stu-
dents during a pandemic, virtual schools did
not need to make such a shift. Virtual schools
have existed since 1997, beginning with Flor-
ida Virtual School. As of 2022, four states
offered a blended online learning model, and
35 states and the District of Columbia offered
full-time virtual education (Gratz et al., 2022;
Molnar, 2019). In virtual schooling, students
receive their education remotely. Student at-
tendance may be monitored from the Learning
Management System (LMS) or through parent
records (Nespor, 2019).

Online schooling can offer students flexibil-
ity and the ability to work at their own pace;
therefore, the definition of attendance and data
collected regarding attendance vary. Haw-
kins and Barbour (2010) found that this vari-
ation affected their ability to compare course
completion rates and retention among virtual
schools and between virtual and brick-and-
mortar schools. We have included how each of
the following studies determined absences.

Archambault et al. (2013) examined cy-
ber-truancy at Minnesota Virtual High School
(MVHS). MVHS’ funding is based on course
completion and credits earned. Therefore,
MVHS uses progress monitoring over the se-
mester to determine absences. Student gradua-
tion rates were suggested to be jeopardized by
not attending class. Liu and Cavanaugh (2012)
used the number of times students logged
into the LMS and how long they stayed in
the course over a semester as their attendance
measure. They found the time spent in the

course was significant and positive for Algebra
I and II. The number of times a student logged
in to the LMS was significant and negative for
the same courses. Dickson (2005) used clicks
in the Michigan Virtual High School’s LMS as
a measure of attendance to determine student
success. They found that the total number of
clicks was strongly correlated with the stu-
dent’s grade in a course. Lowes et al. (2016)
used a group of variables to measure atten-
dance. These attendance variables were the
number of logins, pages accessed, assignments
submitted, and time spent in the LMS. They
were investigating a connection between LMS
use and course outcomes. Their results showed
that the attendance variables positively cor-
related with a higher final grade, but there were
gender differences. Specifically, there was no
significant correlation between interactivi-
ty behaviors, defined as viewing and writing
posts, and final grades for females.

Overall, the value of attending school as
related to positive academic outcomes for stu-
dents in K—12 has been researched and is a
part of national data reporting for many brick-
and-mortar schools. However, there needs to
be more research exploring these variables in
K-12 virtual schooling. More in-depth, schol-
arly research on a standard definition for atten-
dance in virtual schooling and the connection
between attendance and learning outcomes for
virtual students is needed. We aim to fill that
gap with the present study.

THEORETICAL FRAMEWORK

The theoretical framework for this study is
based on the self-determination theory (SDT)
developed by Deci and Ryan (1985, 2000,
2002). SDT is a framework that focuses on
human motivation and personality develop-
ment. It explains that individuals have three
basic needs for their well-being and optimal
functioning: autonomy, competence, and re-
latedness. According to SDT, when these three
needs are fulfilled, individuals are more like-
ly to experience intrinsic motivation, psycho-
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logical well-being, and optimal development.
Conversely, when these needs are not satisfied,
individuals may experience diminished mo-
tivation, lower well-being, and difficulties in
personal growth (Deci & Ryan, 1985, 2000,
2002). SDT has been applied in various do-
mains, including education, to understand and
promote optimal motivation, engagement, and
well-being (Guay, 2022).

Engagement is a vital aspect of SDT, refer-
ring to an individual’s active involvement and
effort in their learning (Fredricks et al., 2004;
Lu & Cutumisu, 2022; Wang et al., 2017). In a
learning setting, student attendance is essential
to engagement (Lenhoff & Pogodzinski, 2018).
Attending school regularly allows students to
actively participate in class discussions, group
activities, and collaborative learning experi-
ences, fostering engagement and enhancing
their learning experience (Balfanz et al., 2007;
Gottfried, 2009; Kearney, 2008). Studies have
linked student engagement to academic suc-
cess, increased retention, and higher gradua-
tion rates (Carini et al., 2006; Fredricks et al.,
2004, 2016; Trowler, 2010; Wang et al., 2017).
Other studies have shown that lack of engage-
ment results in lower levels of academic suc-
cess and learning (Carini et al., 2006; Handels-
man et al., 2005; Kuh, 2009; Trowler, 2010;
Wang et al., 2016). Learner attendance is one
key indicator of a student’s engagement in the
learning process and thus is essential to stu-
dent success (Fredricks et al., 2004; Gottfried,
2009; Kearney & Graczyk, 2014; Wang et al.,
2017).

RESEARCH QUESTIONS

A common attribute among the many ways
of measuring attendance in an online course
is student activity within that course. For our
research purposes, we used days of activity on-
line, defined as the number of days a student
showed activity in the course. Our research
focuses on understanding how student course
grades can be predicted from days of activity
online in online high school classes.

Given the nested structure of our data, we
examine students nested within classrooms
nested within schools as a three-level hierar-
chical school-effect analysis. Individual differ-
ences in student activity and grades in a course
depend on student characteristics and features
of schools and classes. Conditions within on-
line classrooms may influence the days a stu-
dent is active, and the school structure may in-
fluence the classroom. In this study, we focus
on the level-1 predictor, student days of activ-
ity online, and demographic variables of gen-
der, ethnicity, and free and reduced lunch. The
nested nature of our data within courses makes
it meaningful to capture potential random ef-
fects and account for the unbalanced nature of
students taking courses in a school. Level-2
predictors such as class size, grade level, and
subject, and the level-3 predictor of school size
were included.

Our research asks the question: Do days
active and students’ personal characteristics
(gender, ethnicity, and free and reduced lunch)
predict course grades when examining class-
room characteristics (class size, grade level,
and subject) and school size? The study’s cen-
tral hypothesis is that days of activity will be
a meaningful predictor of improving course
grades. The personal characteristics of stu-
dents are explored in our central hypothesis.

METHOD

Our data comes from online schools across 30
states during the pandemic school year 2020-
2021. The data for this analysis contains in-
formation on 62,698 high school students (9th
through 12th grade) across 660 online courses
nested within 70 schools. Descriptive and de-
mographic data are provided in Tables 1 and 2.

Models

Hierarchical linear models were used due to
this study’s nested, multilevel nature. We de-
signed a three-level multilevel analysis, com-
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TABLE 1
Descriptive Statistics of Continuous Variables Used in Models

Variable N M SD Min Max
Course grade 62698 69.84 2598 0 166.74
Day activity 62698 49.04 25.58 1 244
Gender* 62698 0.44 0.50 0 1
School Size 70 895.6857 1410.74 15 10541
Course Size 660 94.99697 221.6919 1 1977
*Gender is coded 1 for males.
TABLE 2
Frequency of dummy coded variables used in the model.

Variable f % Cum(f) Cum%
Grade Level
9 16349 26.08 16349 26.08
10 16776 26.76 33125 52.83
11 16771 26.75 49896 79.58
12% 12802 20.42 62698 100.00
Ethnicity

African American 9773 15.59 9773 15.59
Native American 1159 1.85 10932 17.44
Asian 1686 2.69 12618 20.13
Hispanic/Latino 5155 8.22 17773 28.35
Multiracial 263 0.42 18036 28.77
Native Hawaiian 117 0.19 18153 28.95
Unreported/Other 5285 8.43 23438 37.38
White* 39260 62.62 62698 100.00
Lunch
Free Lunch 22885 36.50 22885 36.50
Not Eligible 21722 34.65 44607 71.15
Reduced Lunch 6767 10.79 51374 81.94
Unknown* 11324 18.06 62698 100.00

*Dummy coded reference group (0) in the model

mon in educational studies, where students
are grouped within classrooms and nested in
schools. There are advantages to fitting multi-
level linear models, but essential for our study
is the unbalanced nature of students and ac-
counting for the hierarchical nature of the data.
We analyze the data in SAS (SAS, 2018) using
the MIXED procedure and the default Restrict-
ed Maximum Likelihood REML to estimate

models. We borrow our approach for multilev-
el modeling from sources such as (e.g., Bell
et al., 2013; Dalal & Zickar, 2012; Fox, 2016
Raudenbush & Bryk, 2002).

Model 1 is the unconditional means model
with no predictors but includes the random ef-
fect for the intercept. There were two intraclass
correlation coefficient (ICC) values to calcu-
late, one for courses and the other for schools.
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These ICCs estimate the variation in course
grades amongst our clusters of courses at level
2 and schools at level 3. In our first model, the
default variance structure was used to estimate
separate variances but no covariance. At each
model-building stage, we build on the previous
model.

Y =By, Tv, ey, (1)
Yik~N (0' U\%j)

Yi~N (0' 0\31‘1\-)
eijk"‘N(O, 0.92)

Where:
Y, is the observed course grade of student i
in classroom j in school k.
B, is the mean across all schools;
Vi is the effect of classroom j;
v, is the effect of school k;
€ is the student level residual term.

In Model 2, we added fixed effects for the
level-1 predictor, the days a student is active,
and demographic variables (Gender, Ethnic-
ity, Free and Reduced Lunch) to our model.
Gender is coded as Male 1. Ethnicity (African
American, Native American, Asian, Hispanic/
Latino, Multiracial, Native Hawaiian, Unre-
ported/Other, White) and Free and Reduced
Lunch (free, reduced, not eligible, and un-
known) are dummy coded with unknown and
White as 0. Preliminary analysis reduced the
need to examine interaction effects amongst
level-1 predictors.

In Model 3, we added the random effects of
slope to determine if the relationships between
our level-1 predictors and course grade vary
amongst the course clusters at level 2 and the
schools at level 3 of our model.

In Model 4, we add the fixed effects for
courses at level 2: class size, grade level, and
subject. These two categorical variables, grade
level (9th, 10th, 11th, 12th) and subject (En-
glish, history, math, science), were dummy
coded such that 12th grade for the grade level
and science for the subject variable was coded

CourseGradeijk = BOUR + Bactive,-ﬂ\-"*’ Bgenderiik + BAfricanAmericanijk £

BNativeAmerican,-}-k + BAsianijk i BHispanic/Latina,-jk + BMutiracial,-jk +

BNativeHawaiian,—,—k it BUnreported/Other,-jk + Bfree,-jk + Br‘educedijk + Bnoteligible,—ik +

Bengtisnyj T Bistoryyjx T Bmatnj; + Botnyjy + Brotnyj T Biaeng + Bengtisneotn;y +

2

Bristory«otnj; + Pmatn-otnj T Bengiisn=10tn;; + Bnistory+10tn;;, + Pmatne10tn;; +

Benglish-llthijk e Bhistory‘llth,-jk + Bmath*llthiik + Bcoursesizeil-k + Bschoolsize,-,k +

Yoji T Yo, T €ijk
Yjx~N (0, Ufjk)

YRNN(O' af/zk)

ex~N(0,02).
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CourseGradeijk - Bo,-,-k =t Bactiueiik+ Bgender,-jk + BAfricanAmerican,-jk +

BNntiveAmericanUk + BAsian,-jk =5 BHispanic/Latino,-jk i BMutiracialijk T

BNativeHawaiian,-jk + BUnreported/Otherijk it Bfreeijk + Breduced,-jk + Bnoteligibleij,\. + (3)

Benglishijk =t Bhistoryijk s Bmﬂthi!’k + B9thijk =t Blothl‘jk + Bllthi}‘k T Benglisht'athijk +

Bnistorysotn;j + Bmatneotn;;; + Bengtisn+10tn;j; + Bnistory+1otnjx + Bmatnetotn;; +

Benglish‘llthi,-k + Bhiscaryqlth,»jk + Bmathtllthijk + Bcoursesizei,-k + Bschoolsizeijk +

Yo,-k £ Yactiue}-k + Ygender}-k + Yethnicity}-k + Yok + Ysubjectk + Ygrade levely +

Ycoursesize, + €ijk

as our reference group. Preliminary analysis
indicated some value in examining interaction
effects amongst level-2 categorical predictors.
Because zeros are meaningful in our models,
we choose not to center the model.

In Model 5, we add the random effects of
slopes for our categorical level-2 predictors
to determine if grade level and subject level-2
predictors vary amongst schools at level-3.
Model 6, our final model, is based on our equa-
tions and retains significant effects from previ-
ous models with the level-3 predictor school
size added to the model. Regardless of the sig-
nificance of level-3 predictors, the clustering
of schools may help account for nested effects.

Yoji
Yactivejk

~N
Ygenderj;

[N e NN

Yethnicityjk

Yoy 0

Ysubjectk 0
~N

Ygrade leveix 0

Ycoursesizey, 0

ex~N(0,02) .

The random intercept model, including all
three levels, is expressed in Eq. (2). Note that
categorical dummy-coded predictors do not
provide a coefficient for the reference group.
Eq. (2). Extend this model to include effects
for random slopes in Equation (3).

The traditional standard variance com-
ponent model is the SAS default covariance
structure, Variance Components (VC). It was
selected for parsimony after reviewing com-
parisons with the unstructured (UN) covari-
ance structure and finding the VC acceptable
(Eq. 3A).

2
O-Yerhnicityjk

(3A)

2
Ycoursesizey,
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Variables

The level-1 predictor of interest in this study
was days reported active, the number of days
a student showed activity in the course. In ad-
dition, we use several demographic character-
istics of students at level 1 to predict course
grades further. At level 2, class size, grade level,
and subject were added, and finally, at level 3,
school size was included in the final model. The
dependent variable was course grade. Table 1
presents the descriptive statistics for continuous
measures, and Table 2 is a frequency table for
our variables used as categorical predictors.

RESULTS

The primary purpose of this paper was to de-
termine if the level-1 predictor, the number of
days a student was active in a course during
the pandemic, influenced their outcome on the
course grade and if the outcome was impacted
by level-2 predictors of the subject area and
grade level. The ICCs for course and school
were calculated using the variance estimates
from model 1 in Table 3. Associated ICC’s:

130.57

126.80
130.57 +126.80 + 539.02

ICCSC)IOO! E E— 0.159

We attribute 16.4% of the variation in course
grade to the course, 15.9% to the school, and the
remaining 67.7% variation of the course grade
to the student. As is typical, the majority of the
variance in the model is due to the student, but
nearly a third of the model is explained by the
variation amongst the courses and schools.

In model 2, random effects from model 1
remained significant when the level-1 pre-
dictor was added. Adjustments and decisions
were made by developing the models based
on significant effects. We present the results of
random effects in Table 3. In model 3, the ran-
dom slope was insignificant for level-1 predic-
tors on level-2 courses, except for active days.
Model 3 was rerun with only days active as a
random slope on level 2 and level 3 (Table 3).
The relationships between days active at lev-
el 1 and the outcome of course grades varied
on courses and schools. Courses have various
slopes supporting the random effect of days ac-
tive predicting course grade. In model 4, ran-
dom effects from Model 3 remained significant
when the level-1 predictor was added. Model
5 with random slopes for level-2 variables did
not converge correctly and were not positively

ICCeourse = 13057 + 126.80 + 539.02 0.164 definite, implying a slight variation accounted
for when level-2 variables were added to the
TABLE 3
Random Effects (Standard Errors) for Models Predicting Course Grade.
Random Effect Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
Intercept Course 130.570%* 107.210%* 149.430%* 134.860** 135.550%*
(13.426) (11.999) (15.760) (15.028) (15.108)
Intercept School 126.800%* 129.970** 156.510%* 157.920%* 157.800%*
(Course) (6.182) (5.719) (7.191) (7.240) (7.232)
Slope (Active)C 0.021%* 0.021%* 0.021%*
(0.003) (0.003) (0.003)
Slope (Active)S(C) 0.017%* 0.018%* 0.018%*
(0.002) (0.002) (0.002)
Residual 539.020%%* 382.860** 364.190** 363.310%* 363.230**
(3.139) (2.229) (2.187) (2.182) (2.181)

N=62698, * p<.05, **p<.01, No level-2 Random slopes for Model 5, C is Course, S is School.
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model. This was true regardless of freeing
parameters with alternative covariance struc-
tures, such as unrestricted ones. In further ex-
ploring data, there appeared to be no reason to
stress random slopes, and this aligns with prac-
tical considerations for grade level and subject.
When course size was entered into the model
as the only level-2 random slope, the model
still did not converge. Further, we investigat-
ed this level-2 predictor visually to support the
decision not to add random slopes for level-2
variables but to consider only fixed effects.

Although we did not successfully model
level-2 random slopes, nor should we have
given our visual inspection, the multilevel
model helped model level-1 random slopes for
days active, intercepts at levels 2 and 3, and for
our design with unbalanced groups.

Model 6 added the level-3 fixed effect for
school size; however, the effect, which is sig-
nificant as a fixed effect, is small. Model 6 AIC
and BIC were larger than model 4, indicating
that model 4, without the fixed effect for school
size, is the best model for final consideration.
The model fit statistics for the models can be
found in Table 2. This reduces our model from
Eq. (3) to Eq. (4):

We have removed level-2 random slope and
level-3 fixed effects from Eq. (3) but retain the
random intercept.

The results of fixed effects for all models
are presented in Table 4. The pattern of sig-
nificance and effects is similar across models.
When examining model 4, there are significant
and meaningful patterns of effects across all
level-1 predictors: Days active, Gender, Eth-
nicity (African American, Native American,
Asian, Hispanic/Latino, Multiracial, Native
Hawaiian, Unreported/Other, and White), and
Free and Reduced Lunch Eligibility (Free
Lunch Eligible, Not Eligible, Reduced Lunch
Eligible, and Unknown Eligibility). Specific
effects of note: Each day active increased the
student’s course grade by over 0.60%. Males,
on average, performed worse, at 3.12%. When
compared with the reference group White;
African American (-1.25); Native American
(-2.92); Hispanic/Latino (-2.05); Multiracial
(-.90); Unreported/other (-.66) performed low-
er, while Asian (2.60), and Native Hawaiian
(.90, but not significant), performed higher.
Reduced Lunch Eligible and Unknown Eligi-
bility have similar effects, while Free Lunch
Eligible (-1.54) performed lower, and Not

CourseGradeijk = BO,»,-;( it Bactive,-]-k‘*' Bgender,-jk + BAfricanAmerican,-)-k +

BNativeAmericanUk + BAsianUk + BI-Iispanic/Latinaijk + BMutiracialUk +

BNativeHawaiianUk ot Bum'eported/omeruk 5 Bfreel-,-;c & Breducedl-]-k + Bnoteligible,»,—,-\. T

Bengiisnyj T Bnistoryy + Bmatnj, + Botnyyy + Brotngj, + Biaenyy + Bengtisnsotn;;, +

“

Bnistory«otnj + Bmatneotn; + Bengtisn+10tn;j; + Bnistorys10tn;j, + Bmatneiotnyy, +

Benglish-llth,—,-k + Bhistory*llth,-jk + Bmath«llthm\. + Bcoursesize,-ik + YO,-;\. + Yactive,-k +

Yo T €ijk

o2

( Yoji )~N (0) Yoji bk
Yactive,-k 0 0 U}?activa ik
J

vi~N(0, 07,)

eijx~N(0,02).
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TABLE 4
Fixed Effects (Standard Errors) for Models Predicting Course Grade.
Fixed Effect Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
Intercept 68.630%* 45.076%* 46.067** 52.595%* 51.906%*
(0.604) (0.614) (0.719) (1.633) (1.657)
Days Active 0.603%* 0.608** 0.604%* 0.605%*
(0.004) (0.010) (0.011) (0.011)
Gender -3.251%* -3.140%* -3.123%* -3.122%*
(0.162) (0.159) (0.159) (0.159)
African Amer- -1.258%* -1.259%* -1.249%* -1.250%*
ican (0.232) (0.228) (0.227) (0.227)
Native American -2.921%%* -2.987** -2.922%* -2.899%*
(0.605) (0.595) (0.594) (0.594)
Asian 2.426%* 2.603** 2.590%* 2.605%*
(0.508) (0.502) (0.501) (0.501)
Hispanic/Latino -1.989%* -2.041%* -22.05%* -2.047%*
(0.307) (0.302) (0.301) (0.301)
Multiracial -0.462 -0.818 -0.896* -0.886
(1.266) (1.244) (1.243) (1.243)
Native Hawaiian/ 0.856 0.93 0.891 0.933
(1.894) (1.872) (1.871) (1.871)
Unreported/ -0.516 -0.618 -0.661* -0.634
Other
(0.338) (0.334) (0.334) (0.334)
White
Free Lunch -1.597%* -1.564%* -1.536%* -1.543%*
(0.241) (0.237) (0.237) (0.237)
Not Eligible 1.796%* 1.773%%* 1.777%%* 1.771%*
(0.243) (0.239) (0.238) (0.238)
Reduced Lunch -0.057 -0.064 -0.036 -0.044
(0.314) (0.308) (0.308) (0.308)
Unknown
Course Size -0.012%* -0.012%*
(0.002) (0.002)
English -4.157* -4.064*
(2.009) (2.012)
history 0.469 0.395
(2.194) (2.197)
Math -9.102%* -9.115%%*
(1.961) (1.963)
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TABLE 4
Fixed Effects (Standard Errors) for Models Predicting Course Grade.
Fixed Effect Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
Science
9th Grade -3.985%* -3.981%%*
(0.741) (0.741)
10th Grade -2.329%* -2.330%*
(0.666) (0.666)
11th Grade -2.135%* -2.132%%*
(0.599) (0.599)
12th Grade
English*9th Grade 2.471% 2.471%*
(1.189) (1.189)
English*10th Grade 0916 0.913
(0.999) (0.999)
English*11th Grade 2.399%* 2.394%*
(0.854) (0.854)
English*12th Grade
History*9th Grade 0.123 0.103
(1.078) (1.078)
History*10th Grade 0.706 0.696
(0.934) (0.934)
History*11th Grade 1.943* 1.939*
(0.809) (0.809)
History*12th Grade
Math*9th Grade 8.088%* 8.094%*
(1.071) (1.071)
Math*10th Grade 2.889%* 2.894%%*
(0.925) (0.925)
Math*11th Grade 0.896 0.9
(0.812) (0.812)
Math*12th Grade
Science*9th Grade
Science*10th Grade
Science*11th Grade
Science*12th Grade
School Size 0.0004*
(0.000)

N=62698, * p<.05, **p<.01. Note: Reference groups and their interactions do not have estimates.
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TABLE 5
Model Fit Statistics
Model -2RLL AIC BIC

Model 1 576833.3 576839.3 576852.8
Model 2 556116.7 556122.7 556136.2
Model 3 554972.6 554982.6 555005.1
Model 4 554797.2 554807.2 554829.7
Model 5 * * *
Model 6 554806.6 554816.6 554839.1

Model 5 level-2 random slopes did not converge.

Eligible (1.77) performed higher on course
grades.

Level-2 fixed effects (Table 5) were signifi-
cant for course size (-.01) although the overall
effect size was small; grade levels 9th, 10th,
and 11th were all significantly lower than 12th
grade; the subjects of English, more so for
math, had lower associated grades than sci-
ence. History appeared to have a similar main
effect. In contrast, the interaction effects with
grade and school were all positive. Overall
math effects were -9.12, while the interaction
effects with 9th (8.09) and 10th (2.89) grades
were positive; 11th grade was not significant
(.90) but still positive. This finding might be an
issue of difficulty for those taking 12th-grade
mathematics. History and English interacted
with 11th grade for a positive effect, as well as
9th grade English. Finally, our level-3 predic-
tor was significant, but there were better mod-
els than model 6.

DISCUSSION

Attendance and student academic success are
connected, with student attendance as an es-
sential sign of student engagement (Gottfried,
2009; Fredricks et al., 2004; Kearney &
Graczyk, 2014; Wang et al., 2017). Most pri-
or research has focused on brick-and-mortar
schools rather than online ones. Online schools
have been serving students for over 20 years.
Research that offers insight into student suc-
cess is critical in supporting online education.

The researchers sought to fill this gap in the
literature.

First, the researchers hypothesized that
days active would be a significant predictor
of course grades. Attendance was determined
by the indicator of students being present as
days of activity in a course. The models indi-
cate that a student’s grade increased ~by .60%
units for every day they were active online.
For example, an online school student who
was active for 10 days increased their grades
by 6.04% during the pandemic. This finding
supports previous research findings that activ-
ity in an online course would increase student
outcomes (Liu & Cavanaugh, 2012; Lowes et
al., 2016). Depending on the variability due to
classroom and schools, a 12th grader in a sci-
ence course would need to be active online for
62 days to increase their grade from baseline to
an A, depending on their ethnicity and gender.
That same 12th grader must be active for 77
days to receive an A in math. Neither of these
values seems unrealistic across an enrollment
span, especially since days active can be con-
current, i.e., a student could log into their math
and science courses on the same day. Having
this information is impactful for online pro-
gramming. Online schools should create goals
using this information. Teachers could work
with students to aim to be active in their class-
es with high achievement rates.

Next, the researchers examined whether
student characteristics would affect course
grades. Lowes et al. (2016) found gender
differences with interactivity behaviors not
correlated with female students’ final grades.
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While this study did not examine interactivity
behaviors specifically, males, on average, per-
formed worse with a -3.12% decrease in their
overall grade. Gender disparities in attendance
and final grades are an area for future research.

In exploring further demographic student
data, attendance, and racial educational impli-
cations were found in this research support-
ing prior literature (Liu et al., 2021). African
American, Native American, Hispanic/Latino,
and Multiracial groups performed -.90 to -2.92
lower than White students, demonstrating that
days of inactivity online are more significant
for these groups in terms of educational out-
comes. Asian and Native Hawaiian performed
higher than the White student group. Knowing
that days active have significant implications
based on race, online schools must develop
systems that support students of the racial
groups who are impacted so that they are not
perpetuating an achievement gap. The im-
pact of race on student achievement in online
schooling is an area for future research.

Balfanz and Byrnes (2012) found that the
number of school absences in high-poverty ar-
eas was significant, with students missing six
months to one year of school over five years.
Similarly, Santibafiez and Guarino (2021)
found that some student groups, particularly
low-income students, are more vulnerable to
the adverse effects of school absences. This
study found that Free Lunch Eligible students
performed -1.54 lower than their peers, while
Not Eligible students performed 1.77 higher
on course grades. Adding to the body of re-
search, SES impacts student success in school,
specifically online school.

Further, classroom characteristics were ex-
amined to see if they affected course grades. It
is important to note that class size for online
schools should be considered different from
that for brick-and-mortar schools. In online
schools, students often do not work synchro-
nously together simultaneously. The amount
of asynchronous work in the class varies by
course and school. Synchronous classes are
also nuanced, depending on the school and
class, with some classes offering breakout ses-

sions within larger classrooms, causing a larger
class to be comparable in size to smaller class-
es. There was a small negative effect (-0.012)
as course size increased. The effects of limiting
course sizes to small classroom sizes in units
of 10 would not likely be meaningful; howev-
er, once the course size reaches several hun-
dred (e.g., 300 plus students), the effect could
be impactful. The lack of a stronger effect may
be due to further complications in understand-
ing the course size effects of asynchronous and
synchronous learning opportunities. Being in a
smaller class has advantages. Future research
should combine course size with live teaching
breakout opportunities to determine if indica-
tors such as size and frequency of synchronous
teaching opportunities impact outcomes. Ad-
ditionally, we referred to course effect instead
of teacher effect, as it was impossible in this
investigation to separate courses from teach-
ers. Given the nature and variety of courses,
it might be helpful in the future to separate
synchronous and asynchronous activities and
track other specific teacher effects, such as en-
gagement, which might add value to the stu-
dent.

Finally, our level-3 predictor, school size,
was significant, although model 4 without
that predictor was selected based on mode fit.
Extremely large schools might have a small
impact on performance (0.0004 per student)
above and beyond our other indicators, espe-
cially when interacting with online course size.
Future research should focus on indicators that
vary amongst schools, such as those associated
with state- and district-level effects. It would
also be worth investigating if the trends in larg-
er courses and schools, when there is increased
activity, are due to more highly developed
courses and stability over time.

During the pandemic, brick-and-mortar
schools struggled with pivoting to online ed-
ucation, with subsequent educational time
missed and learning loss for students (Kuh-
feld et al., 2020; Liu et al., 2021; Santibafiez
& Guarino, 2021). Students enrolled in online
schooling may not have the same learning loss
as those in brick-and-mortar schools, as there
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was no need for these schools to close or pivot
their academic model. The data used was col-
lected during the pandemic 2020-2021 year;
however, due to the nature of online schools,
the pandemic should not have impacted on-
line student attendance as there was no need
for these online schools to be closed or to have
shifted their model for delivering education.
Online school systems such as the ones we ex-
amined used previously existing online school
structures and were not emergency schooling
quickly pulled together to support brick-and-
mortar students during the pandemic. We sus-
pect established online schools could maintain
student performance during the pandemic
compared to brick-and-mortar schools. How-
ever, it would require further research with a
comparative analysis across types of schools
to state definitive conclusions.

LIMITATIONS

A limitation was the inability to control at-
tendance. In this study, attending or being ab-
sent from school days of activity is subject to
variables such as student illness, technology
issues, and intrinsic motivation, which the re-
searchers could not control for in this research.
Receiving information on why students were
not active in their courses is an area that could
be further explored.

The researchers were able to use a key in-
dicator of student engagement for this study:
attendance. However, a limitation is that they
could only acquire engagement data within
days of activity, such as clicks, viewed pag-
es, or submitted assignments. In the future, it
would be helpful to examine success in school
with those additional measures of engagement
(Archambault et al., 2013; Dickson, 2005; Liu
& Cavanaugh, 2012; Lowes et al., 2016).

The researchers chose to define attendance
as days of activity. A limitation of this defini-
tion is that it needs to provide information on
engagement or time spent in the course. Fur-
ther, days active, although an indirect indicator
of engagement, can also mean a student logged

on but completed no work. More in-depth,
scholarly research is needed on a common
definition of attendance in virtual schooling.

CONCLUSION

A generalized mixed method approach to mul-
tilevel modeling was used to find if days active
for online students were meaningful and pre-
dicted student success. The researchers con-
firmed their hypothesis and found a significant
relationship. Online student days active is an
obvious and powerful predictor of student per-
formance.

This finding is important because this
study not only adds to scholarly research on
online students’ academic success but also
offers valuable information to online schools
concerning course planning and the ability to
continue supporting student success. Ensuring
that students remain active in their courses will
produce positive grade outcomes in all cours-
es. Brick-and-mortar schools implemented
attendance procedures to help reduce student
absences, and based on our findings, this is an
area of recommendation for online schools to
explore and implement.

Schools may want to incentivize attendance,
rewarding students for regularly logging in to
their classes. Online school districts could of-
fer awards for attendance. Districts could also
hold student competitions for the highest num-
ber of days active in courses. Teachers could
also send supportive messages acknowledging
and praising student activity in their respective
course(s) throughout their time together.

Another recommendation would be a per-
sonalized approach to student success by hav-
ing staff assigned to monitor student activity
in courses. Outreach would be a vital compo-
nent of monitoring student activity. If a stu-
dent is inactive in their classes, school staff
will immediately reach out and work to re-en-
gage the student. This personalized approach
would help keep the student connected to the
school and build a positive, supportive climate
amongst students and school staff.
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Additionally, online schools should share
information with caregivers on the importance
of attendance for student success at online
schools. Online schools should also engage
and partner with caregivers to support active
school participation. Outreach to students who
are inactive in their courses should include out-
reach to the caregiver as well. Working togeth-
er as a team to support the students in engaging
in their courses will create an environment for
student success.

Ensuring that every child has equitable ed-
ucational opportunities and experiences is the
foundation of our educational systems. On-
line schools offering attendance support for
students may help close gaps related to race,
gender, and SES. There is a significant differ-
ence in student achievement outcomes based
on these variables. Knowing the role that at-
tendance plays in exacerbating this gap, online
schools need to take steps to ensure that these
populations are offered additional support. On-
line schools may consider proactive strategies
for the populations at more of a disadvantage
when experiencing days of inactivity. Systems
could be put in place with a team of staff work-
ing with these student groups to ensure that
they do not begin to miss days of school. Each
teacher, counselor, and administrator working
with those respective students should have
touch points to ensure students are connected
and engaged with the school. Utilization of
proactive strategies may be key in helping to
close educational gaps and support successful
academic outcomes for online students.

Additionally, this research lays the foun-
dation for future research studying important
engagement variables that may interplay with
student attendance, such as intrinsic motiva-
tion, teacher effects, peer effects, engagement
with course materials, and access to stable in-
ternet. Finally, researching additional student
outcomes such as online student test scores, re-
tention rates, and graduation rates would offer
more insights into this work and support online

school in ensuring all students are successful
in their educational careers.
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