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Abstract
Throughout the past decade, web-based teaching and learning have experienced
tremendous growth. Yet, research aimed at evaluating determinants of student learning
outcomes in online courses is lagging behind. The majority of studies of online student
participation have focused on the use of discussion board or other common
communication areas. Little attention has been paid to the role time spent online plays
in affecting academic performance of college students. The objective of this study was
to estimate the relative importance of time spent online, prior grades, and demographic
characteristics of students in terms of their academic performance in online sociology
courses. Using a multinomial logistic model, the current study examined the odds of
attaining one grade versus another depending on the amount of effort and controlling for
gender, major, and year in school. Results suggest that among the effects examined in
the study, time spent online and previous achievement matter the most.
Keywords: study time, online learning, student achievement, sociology, multinomial
logistic regression
Introduction
Distance education, especially online education, continues to expand with no signs of slowing (Allen &
Seaman, 2010). At the same time, there has been considerable controversy about the effectiveness of
online learning. Supporters of online learning argue that learner participation can be significantly
enhanced by using computerized media (Garrison & Anderson, 2003; Kearsley, 2000), while their
opponents raise concerns about the quality of online courses (Garrett, 2004; Oliver, 2005). The intention
of the present paper is not to engage in this debate; however, the findings of the study reported here may
help illuminate the role of student participation in achieving a better grade. In this study, the level of
student online participation was measured as time students spent in the learning environment. The aim
was to estimate the effect of time students spent online on their grades, while controlling for student
demographic characteristics and prior achievement. The study used multinomial logistic regression to
model the effect of the aforementioned variables on the probability of moving from one letter grade to
another. Unlike prior research that has almost exclusively relied on ordinary least squares (OLS) for
estimation of students' grades, the present study used multinomial logistic regression with five different
categories (grades A, B, C, D, and F). This approach was not only more appropriate for ordinal variables
such as course grades, but also provided additional information not obtainable through OLS regression.
In particular, the multinomial logistic regression allowed for quantifying the effect of getting a certain grade
per unit of time.
Another point that distinguishes this study from prior research is that it involved the analysis of actual
rather than self-reported data on student online activities. The majority of previous studies that have
examined proximate determinants of students' achievement have relied on self-reported amount of study
time (cf. Darren, Dixon, Stansal, Gelb, & Pheri, 2008; Lahmers & Zulauf, 2000; Hinrichsen, 1972; Rau &
Durand, 2000; Schuman, Walsh, Olson, & Etheridge, 1985), which is biased and subject to substantial
underreporting (Kember, Jamieson, Pomfret, & Wong, 1995; Stinebrickner & Stinebrickner, 2004). The
novelty of the present study also lies in the fact that the same instructor (the author of this paper) was
responsible for teaching all online courses within which data were collected. This added to internal validity
of the study by enhancing consistency of instrument (Collins, Onwuegbuzie, & Daros-Voseles, 2004;
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Thatcher, Fridjhon, & Cockcroft, 2007). Further, these courses followed similar instructional design, the
main objective of which was to minimize the influence of student study skills, factors known from the
literature to affect achievement (Diseth, Pallesen, Brunborg, & Larsen, 2010; Michaels & Miethe, 1989;
Plant, Ericsson, Hill, & Asberg, 2005; Yukselturk & Bulut, 2007).
Knowing that the available data sources would not allow controlling for study skills, the instructor decided
to design his courses so as to maximize utility of time spent online. While the courses did evolve
somewhat over five semesters, the common features included readings and tests available online only,
and active participation as a part of the final grade, that is, for contributing to discussions and asking or
answering questions. In all online courses evaluated in the present study, students' active participation in
discussions accounted for 20-30% of the final grade. Tests and quizzes were multiple choice and had to
be completed online. They accounted for 40-50% of the final grade. The rest of the final grade (30-40%)
was made up of written assignments, which were also completed online. When submitting their
assignments, students were asked to type directly into the assignment window. This measure was
primarily devised: (1) to prevent plagiarism, as the SafeAssign tool was utilized by the instructor; (2) to
avoid computer viruses that reside in Microsoft Word or other text editors; and (3) to facilitate peer
assessment. Students were also required to use a self and peer assessment tool. Through the use of this
tool, they assessed the quality of their peers' assignments using criteria provided by their instructor.
The records of student online activity confirmed that the time spent on readings accounted for
approximately half of all time students spent in online courses. It is important to emphasize that, whereas
textbooks were not assigned, the assigned readings were assembled and encrypted by the instructor in a
way that prevented students from printing them out. This is to say that the only way for students to
complete their assigned readings was to do them online. The rationale for this strategy was twofold: to
monitor whether students do the readings on time and to limit access to printing. Concerning the latter
objective, it should be noted that, in an effort to conserve resources, both financial and environmental, the
University had restricted excessive printing and introduced printing quotas for students.
The paper is organized as follows: The next section consists of a review of existing literature on the topic.
Also included in the literature review are the research hypothesis and the description of the control
variables known to influence academic outcomes. The third section contains a description of the data
sample, variables, and the multinomial logit model. The fourth section presents the descriptive and
multivariate empirical results. Following the presentation of the results, the paper moves on to the
interpretation of the findings and avenues for future research in the fifth section, in which the limitations of
the study are also discussed. The sixth section concludes the paper.
Literature Survey
The vast majority of research investigating the effect of time and effort spent by students on their
achievement has been done on traditional (offline) modes of study. Collectively, prior studies that have
examined the relationship between study time and achievement in offline learning environments have
yielded contradictory results. In their comprehensive review of the literature on study time and academic
performance, Plant et al. (2005) cited findings from numerous studies documenting a weak or unreliable
relationship between the amount of self-reported study time and grades. One of the reasons for the
apparent inconsistency of these findings is the fact that all prior research based on the data collected in
offline classes has relied on self-reported rather than actual study time. For example, two studies – one
by Schumann et al. (1985) and the other by Rau and Durand (2000) – differed in their estimation of the
strength of the relationship between study time and student academic outcomes. Rau and Durand found
a stronger association between study time and grades than Schumann et al. did, and attributed their
relative success to superior survey methodology. In both studies, however, the data about time students
spent studying came exclusively from the survey questionnaire. Even those studies that have relied on
student time diaries as the major data source (e.g., Darren et al., 2008; Kember et al., 1995; Zuriff, 2003)
have still been subject to the same recollection and acquiescence biases. On the one hand, students may
simply underreport hours devoted to study. On the other hand, students who do not study typically feel
guilty about their indolence and tend to exaggerate time (Beer & Beer, 1992; DesJardins, McCall, Ott, &
Kim, 2010; Stinebrickner & Stinebrickner, 2004). Since in-class participation was and still is not
considered to be a part of student effort in traditional (offline) learning environments, the focus of prior
research quite naturally has been on curricular activities outside of the traditional classroom, such as
doing homework. The nature of online learning is quite different in this respect. In-class and out-of-class
participation cannot be easily disentangled in e-learning environments, and, in fact, the reason-d'être of
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online teaching is to encourage student participation (Bento & Schuster, 2003). Hence, methodologies
addressing the issue of quantifying student effort in online and offline classes differ.
The advent of online learning precipitated the growth of the literature relating to the impact of student
engagement (time and effort invested, frequency and level of participation) in online learning on
performance (marks/grades attained, learning outcomes achieved). In an attempt to systematically
analyze this literature, Hrastinski (2008) observed a variety of methodological approaches in the way
researchers captured the impact of student engagement. The most common measure of online learner
participation observed was the quantity of messages posted by students using tools within the learning
management system (LMS, e.g., Blackboard) such as "chat lines" or conventional discussion board
messages. "Since the emphasis of research has been on the use of discussion boards, the research
approaches reported here are biased toward such communication," states Hrastinski (p. 1758).
An alternative methodological approach to conceptualizing the effectiveness of student participation in
online courses is to look at the number of system logins (a.k.a. "hits") by students. The "system login"
approach is a crude measure of online participation because one system login may last from one minute
to one hour or more (if the automatic logout is not activated after some period of time). However, the main
advantage of this method is that it allows the measurement of student online participation as a whole,
without giving more weight to some aspects of participation (e.g., the use of discussion board) while
devaluing other online activities (doing assigned readings, taking tests, writing assignments, etc.). The
"system login" approach was chosen, for example, by Davies and Graff (2005), who, in a sample of 122
undergraduate business students, sought to estimate the strength of the relationships between the
number of Blackboard "hits" and student grades. The limitation of this study was that Blackboard "hits"
were operationalized through the use of communication and group areas only, and thus, other
Blackboard activity was not accounted for. The authors found that for students achieving passing grades,
the number of logins did not improve their grades, but failing students had significantly lower numbers of
"hits" than students with passing grades. They concluded that "encouraging students to get more involved
in online discussions is unlikely to automatically improve their performance" (p. 662).
A related approach involves measuring the amount of time students spend logged in to the e-learning
environment. This approach was recently adopted by Rodgers (2008), who, in a hybrid course (i.e., one
involving a mixture of face-to-face and online delivery), used OLS regression to estimate the effect of
online participation (measured in terms of the hours logged into WebCT), gender, age, ethnic origin,
major, academic ability (measured in terms of tariff points), and completion (not dropping out) status on
the average grade (ranging from 0 to 100%). The effect of time spent online was significant and positive,
such that "one extra hour of e-learning participation is found to increase the module mark by
approximately one percent" (Rodgers, 2008, p. 143). A study by Coldwell, Craig, Paterson, and Mustard
(2008) reported similar results: time spent online matters for achieving a better grade, while controlling for
gender, age, and ethnic origin. This approach is an improvement over self-reported data because, as
stated above, students tend to miscalculate the time they have spent studying. When compared to the
methodology of measuring student participation through the number of login "hits," tracking time students
spend online captures more variation in the data because login "hits" can vary significantly in duration.
Despite its clear advantages, using time spent online as a measure of online participation is not common
among studies assessing effectiveness of online learning. Interestingly, the aforementioned review of
literature on online participation by Hrastinski (2008) mentions that out of 36 studies reviewed, only three
used this method, and all three of those studies used self-reported data. It should be noted here that
Rodgers' and Coldwell et al.'s studies were not included in Hrastinski's review.
This study builds on the body of knowledge on online participation in several distinct ways. First, it adopts
the methodology of using student login times as employed by Rodgers (2008) and Coldwell et al. (2008).
As said above, this methodology is a more refined measure of online student participation than using
ordinal-level measures such as the number of messages posted on discussion boards or the number of
logins. Additionally, as stated above, the method employed in the present study was a multinomial logistic
regression rather than an OLS estimation as used by Rodgers, or the Wilcoxon z-test as used by
Coldwell et al. Multinomial regression is specifically suited to the modeling of variables like grade point
average (GPA). An OLS estimation does not allow for the estimation of the additional effort required for a
student to move from one letter grade to another, but multinomial regression does. In this lies another
point of divergence of this study from prior research, which has been almost entirely based on OLS
regression. The only exception is a study by Park and Kerr (1990), who pioneered the method of
multinomial logistic regression in the study of college student performance. Their method had not been
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tried again since then. The present study used Park and Kerr's method to test the hypothesis that
students' letter grades are affected by the time they spend logged in on Blackboard. Given the paucity of
works that use multinomial logistic regression in predicting achievement, it was difficult to predict whether
students spend more or less time while moving from one letter grade to another. Consequently, no
predictions were made concerning the direction of the differences in study time required to gain a better
grade.
In addition to ability and effort, this study also controls for a number of student characteristics known from
the literature as determinants of academic performance (Beer & Beer, 1992; Cappella, Wagner, &
Kusmierz, 1982; Kember et al., 1995; Rau & Durand, 2000). The two learner characteristics that have
often been the focus of research in e-learning are gender and age. Concerning the former, Barrett and
Lally (1999), using content analysis of student online communication, found evidence for male superiority
in terms on the number and length of posted messages. The results of their study also showed that,
compared with males, female students were more likely to include implicit or explicit references to
previous contributions. Other authors (e.g., Dille & Mezack, 1991; Lim, 2001) did not find any significant
differences in the way male and female students approached e-learning tasks. Concerning the influence
of age on online participation, Dille and Mezack found a positive relationship between age and several
measures of achievement in online courses. Race/ethnicity of students is often mentioned as an
important predictor of success in online courses (Coldwell et al., 2008; Dille & Mezack, 1991). With this
said, however, it should be noted that due to ethnic homogeneity of students in the courses analyzed in
the present study, ethnicity was excluded from the analyses as irrelevant. It should also be noted that all
of the aforementioned factors have been found to be relevant to academic success in traditional learning
environments (Michaels & Miethe, 1989; Park & Kerr, 1990; Plant et al., 2005; Ruban & McCoach, 2005;
Schumann et al., 1985). Additionally, major and year in school are important in controlling for prior
knowledge and skills (Coldwell et al., 2008; Rodgers, 2008). Differences in these two explanatory factors
are likely to be reflected in students' future academic performance, but not in their previous academic
performance. Students who major in sociology are likely to be better motivated, whereas those who have
made reasonable progress toward their degree are likely to be more knowledgeable (Darren et al., 2008;
DesJardins et al., 2010; Rau & Durand, 1991).
Methods
Data
The sample included all students who were enrolled in the online sociology courses at a large public
university in the southwestern United States. All students who registered and completed these courses
were eligible for selection, regardless of their majors or other criteria. Those students who voluntarily
dropped the course before the official deadline were removed from the sample. This resulted in a
reduction of 9.1%. The final sample consisted of 286 students. The sample was collected over five
consecutive semesters, from Spring 2009 to Summer 2010. The courses evaluated in this study were
fully online courses, meaning that the students did not meet face-to-face with the instructor, and they
completed all of their coursework online. The sample included students from various majors, which, apart
from sociology, comprised psychology, criminal justice, public administration, philosophy, history,
education, and arts.
The University uses Blackboard as its institutional LMS. The usefulness of Blackboard cannot be
overstated: first, it allows tracking student activity per class; second, only the instructor and course
designer (with the permission of the instructor) have access to online records. In the present study,
Blackboard was used to measure the total amount of time an individual student in a course spent online.
The institution's student records that provided demographic characteristics and academic performance of
each student prior to taking these courses were also used. The two sources were merged into a single
file. In order to ensure anonymity and in compliance with institutional review board (IRB) procedures,
students' names and institutional ID numbers were deleted.
Variables
The dependent variable in this study is educational achievement – it was intended to measure how much
students learned over the period of one academic semester. The variable was measured by the letter
grade (A, B, C, D, or F), that is, at an ordinal level. This circumstance alone justified the use of
multinomial logistic regression. The actual time the student spent online working on course content is the
key independent variable. It was measured in hours per week. Averaging time per week is carried out in
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order to compare time being logged in to Blackboard across regular Spring and Fall semesters as well as
shorter Summer semesters. The independent variables monitoring for previous knowledge included
achievement (measured as GPA) and number of credit hours taken prior to enrolling in the course. Other
individual-level variables were examined in an attempt to control for demographic factors that might
impact academic achievement. These included gender (where female is the reference category) and
major (sociology versus other majors, the former being the reference category). Several independent
variables known from the literature to impact academic outcomes (e.g., ethnicity, age, and class size)
were considered at the exploratory stage but not included in the main analyses. Given the fact that
exploratory analyses revealed none of the aforementioned measures as having a significant effect on the
dependent variables, they were dropped from the analyses.
Analytic Strategy
The technique of multinomial logistic regression was employed to examine how the odds of receiving a
specific grade versus another vary depending on time online and other variables. The independent
variables (time online, prior GPA, credit hours, etc.) were regressed on the odds of receiving a specific
grade versus another in turn, yielding a model for each outcome. This implies that four models were
estimated, each being identified as the natural logarithm of the odds of receiving a specific grade versus
another. The regression model in its general form can specified as a linear function of the explanatory
variables:

! P(i) $
ln #
& = α ij + β1ij X1ij + β2ij X 2ij +... + βnj X nij + ρ jb
" P( j) %

(1),

where

P(i) is the probability of getting a given grade i ;
P( j) is the probability of getting a grade j which serves as the reference;
αij is a constant;
β(0−n) j are regression coefficients of factors X(0−n)ij ; and
ρij is the error term exhibiting a logistic distribution.
In order to calculate the probabilities for each grade
the aforementioned equation was employed:

P(i) =

i , the following formula representing the solution of

e(BXi )
∑ e(BXi )

(2),

i

where

P(i) is the probability of getting a given grade i ;
Xi is the vector of independent variables; and
B is the vector of regression coefficients.
The regression coefficients were obtained via maximum likelihood estimation owing to the fact that the
OLS estimation was not suited to the estimation of the logistic distribution.
Three sets of analyses are presented below. In the first set (Table 2), the odds of a student attaining
grades A, C, D, and B versus grade F (the failing grade) are displayed. This is to show the cumulative
effect of the explanatory variables. In the second set (Table 3), the most frequently assigned grade (B)
was chosen as a base category against which the odds of getting the other grades (A, C, D, or F) are
compared. The third set of analyses (Table 4) sought to determine the odds of getting a grade one level
higher than the base category – for example, A versus B, B versus C, and so on. This was done in an
attempt to reflect the amount of extra time a student needed to invest to move up to the next best grade.
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Results
Descriptive Results
Table 1(a) reveals that, with respect to major, approximately equal numbers of students declared
sociology and other majors at the beginning of the study period. The descriptive statistics also show that
the sample's sex ratio was not balanced, with female students being an apparent majority. An average
student, prior to taking the online class, had a GPA of 2.78 with a standard deviation of 0.87. Prior to
being enrolled in the online sociology course, an average student had accumulated 22.5 credit hours. As
evidenced by Table 1(a), on average, students spent approximately 4.7 hours per week online.
Table 1(b) shows the percentage distribution of students by the final grade received in the course and
across time spent online. Generally, almost 38% of students finished with the grade B. The auxiliary
descriptive results confirmed that B was not only the mean grade earned per course, but also the median
and the mode in the sample. The second most frequently assigned final grade was A. Approximately 31%
of students received this grade in the online classes. Grades C and D were much less common, with
approximately 14% and 13% of students, respectively, attaining those grades. Finally, the failing grade
was given to 4.5% of students. The average amount of time spent logged in to Blackboard across the
grade received in an online sociology class demonstrated that students who earned the highest grades
(A) spent the most amount of time online. In contrast, the students who received an F spent the least time
online (approximately 2.1 hours, or 2.6 times less than students who earned an A). Broadly speaking,
Table 1(b) suggests that a positive relationship between time online and grade is likely.
Table 1. Descriptive statistics of the study sample
(a) Independent variables
Variables
Major
Sociology
Other major
Gender
Male
Female
Prior GPA
Accumulated credit hours
Time spent online

Percentage
47.6
52.4
37.8
62.2
Mean
2.78
22.5
4.7

SD
0.87
14.0
2.1

Min.
0.0
0.0
0.8

Max.
4.0
46.4
12.5

(b) Dependent variable vs. time online
Dependent Variable
Grade A
Grade B
Grade C
Grade D
Grade F

Percentage
30.8
37.8
14.3
12.6
4.5

Average Time Online
5.4
4.9
4.3
3.8
2.1

Multivariate Results
Table 2 shows the odds of getting grades A, B, C, and D versus F. The prior achievement (measured as
GPA) at the beginning of the course was the most significant predictor of the odds for all grades in this
and subsequent tables (see Tables 3 and 4). The effects of prior achievement were in predicted direction
and were robust: they were significant at the p < .05 level, at least, with the majority being significant at p
< .001. This finding is compatible with past research indicating that prior achievement is a solid predictor
of current and future performance (Darren et al., 2008; Lahmers & Zulauf, 2000; Park & Kerr, 1990; Plant
et al., 2005; Rau & Durand, 2000; Schuman et al., 1985). The major finding, however, was that the
coefficients for time online were significant at the p < .01 level. Observe that the effect of time online grew
steadily from the lower (C and D) to the higher (A and B) grades, which was in agreement with the

18

MERLOT Journal of Online Learning and Teaching

Vol. 8, No. 1, March 2012

expected returns for effort. For example, an hour per week increase in time spent online resulted in the
odds of getting a D increasing by 0.529 and the odds of getting an A increasing by 1.232.
Table 2. Multinomial logistic regression coefficients and significance levels of their standard errors (in
parentheses); base category: grade F
Ln (PA/PF)
Constant

Ln (PB/PF)

Ln (PC/PF)

Ln (PD/PF)

-4.271***

(0.132)

-3.813***

(0.211)

-1.881***

(0.138)

-1.676***

(0.144)

Time

1.232***

(0.303)

1.101***

(0.232)

0.606**

(0.188)

0.529**

(0.193)

GPA

1.946***

(0.237)

1.294***

(0.314)

0.807***

(0.253)

0.775***

(0.251)

Credit

0.327*

(0.135)

0.315*

(0.110)

0.250

(0.068)

0.122

(0.053)

Major

1.204**

(0.292)

0.912*

(0.278)

0.387*

(0.133)

0.363*

(0.109)

(0.122)

0.035

(0.073)

Male

-0.885*

(0.236)

-0.484

(0.207)

-0.213

-2 Log likelihood 1,482
Pseudo R

2

0.279

* p < .05. ** p < .01. *** p < .001.

Additionally, as evidenced in Table 2, the students' choice of major had a significant effect (p < .05) on
the log odds of A, B, C, and D against F. This implies that students majoring in sociology were
advantaged academically as compared to students who chose other majors. The other effects in Table 2
were inconsistently significant. The effect of the accumulated credit hours was significant only when
predicting the odds of higher grades (A and B) and was not significant when predicting the odds of the
lower grades (C and D), whereas the effect of being male was only significant for the odds of A against
F. Although the gender effect seemed to be the least important predictor of the probability of receiving a
non-failing grade, the fact that female students outperformed male students is noteworthy because the
evidence about the gender effect on performance in sociology classes has been contradictory so far
(Michaels & Miethe, 1989; Rau & Durand, 2000; Ruban & McCoach, 2005).
Table 3 repeats the analyses presented in Table 2, except that the base category was the grade B.
Observe the reversal of signs of the explanatory variables' regression coefficients for the odds of C, D,
and F. This is expected, since the letter grade B was the reference category, and thus the odds of
getting a lower grade than B should be negatively associated with time online and the other explanatory
variables. As it was in Table 2, the effect of prior achievement was robust, which is suggestive of the
strong and positive relationship between the current and past academic achievement. The effect of time
was significant (p < .05) for the odds of C, D, and F over B, but not for the odds of A over B. This
indicates that the probability of receiving an A over a B cannot be improved through additional input of
effort. None of the other effects were significant, with the exception of those of credit hours and major,
which were marginally significant (p < .05) in the case of D versus F. This suggests that, apart from the
aforementioned effects of time online and prior achievement, the odds of getting a non-failing grade
versus B, the most frequently assigned grade, do not depend on the accumulated credit hours, major,
and gender.
The odds of getting one grade versus the next best grade are shown in Table 4. Again, as seen in
previous models, prior GPA had a significant and positive effect on the odds of getting a better grade.
On the question of time spent online, it should be noted that the pattern of change in the amount of time
necessary to produce a one-point increase in a student's grade was not consistent. For example, the
letter grade F was an outlier: a relatively small increase in hours spent online might substantially reduce
the odds of failing a course (p < .01). Comparable by magnitude, but not by significance (p < .05), was
the amount of time online necessary to move from C to B. It appears that the grades A and B, on the
one hand, and C and D on the other, were clustered together. This means that the odds of getting an A
versus B and the odds of getting a C versus D cannot be improved substantially by time spent online.
The impact of all other variables on the probabilities of improving a grade by one point was negligible.
Only major (sociology versus other majors) had a positive effect on moving from F to D (p < .01).
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Table 3. Multinomial logistic regression coefficients and significance levels of their standard errors (in
parentheses); base category: grade B
Ln (PA/PB)
Constant

-1.110***

(0.112)

Ln (PC/PB)
1.726***

Ln (PD/PB)

Ln (PF/PB)

(0.145)

2.528***

(0.173)

3.813***

(0.211)

Time

0.049

(0.147)

-0.434*

(0.161)

-0.593***

(0.180)

-1.101***

(0.232)

GPA

0.846***

(0.213)

-0.994***

(0.237)

-1.423***

(0.251)

-1.293***

(0.314)

Credit

0.074

(0.089)

-0.082

(0.105)

-0.123

(0.148)

-0.315*

(0.110)

Major

0.104

(0.171)

-0.398

(0.225)

-0.404

(0.253)

-0.912*

(0.278)

Male

-0.076

(0.109)

0.168

(0.153)

0.262

(0.195)

0.484

(0.207)

-2 Log likelihood 1,482
Pseudo R

2

0.279

* p < .05. ** p < .01. *** p < .001.

Table 4. Multinomial logistic regression coefficients and significance levels of their standard errors (in
parentheses); shifting base categories
Ln (PA/PB)
Constant

-1.110***

Ln (PB/PC)

Ln (PC/PD)

Ln (PD/PF)

(0.112)

-1.726***

(0.145)

-1.83***

-0.139

-1.676***

(0.144)

Time

0.049

(0.147)

0.434*

(0.161)

0.218

(0.175)

0.529**

(0.193)

GPA

0.846***

(0.213)

0.994***

(0.237)

0.674*

(0.229)

0.775***

(0.251)

Credit

0.074

(0.089)

-0.082

(0.105)

0.111

(0.094)

0.122

(0.053)

Major

0.104

(0.171)

0.398

(0.226)

0.104

(0.136)

0.363*

(0.109)

Male

-0.076

(0.109)

-0.168

(0.153)

-0.076

(0.081)

0.035

(0.073)

-2 Log likelihood 1,482
Pseudo R

2

0.279

* p < .05. ** p < .01. *** p < .001.

Discussion
The analytic strategy employed in this study was to regress time online, prior achievement, major, credit
hours, and gender on the odds of receiving a particular academic grade over another. This strategy is an
improvement over an OLS regression because it is better suited to estimation involving ordinal variables,
such as grades. The other major strengths of this study include reliance on duration of time online rather
than number of system logins, as well as consistency of measurement arising from the fact that the same
instructor taught all of the courses involved and all curricular activities were available online.
On the question of whether or not time online matters for achieving a better academic grade, this study
gives a positive answer. The study found a positive and significant relationship between the time students
spent logged to Blackboard and the grade they achieved in the course. However, the results also point to
the limits of what students can achieve by allocating extra time for studying. According to the multivariate
results, time online matters for improving the failing grade more than any other grade. Furthermore, extra
time online matters for moving from the lower grades (C and D) to the higher grades (A and B). These
results were obtained after controlling for gender and previous knowledge proxied by the student's GPA,
major, and credit hours (measured prior to taking the course).
This study has produced some interesting findings that, if replicable and generalizable, have important
implications for different parties involved in the educational process. Quantifying the influence of time
spent online on grades is important from the perspective of the university administrator, who is in charge
of teaching policies; from the perspective of the instructor, who is responsible for student learning
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outcomes; and from the perspective of the student, who seeks to balance time and effort. From the
administrator's point of view, keeping track of students' online activities is of as much importance as
keeping instructors accountable for credit hours assigned to them. For administrators, the growing
emphasis on accountability and assessment will inevitably require attention to find quantifiable indicators
of student achievement and outcomes. Consequently, administrators are putting pressure on instructors
to match the desired learning outcomes with measures of student effort. From the instructor's
perspective, the current results suggest that activities encouraging students to spend more time online
will lead to higher levels of achievement. Finally, students, who now pay a larger proportion of direct costs
for their education and want to hold universities and colleges accountable for services they purchase,
demand to know much effort is necessary to earn a desired grade. For them, these findings imply that
success will come when time and effort are put in from day one of classes.
However, the present study has some limitations that can be addressed only through further research.
The most important of these is the inability, given the scope of the data, to account for study skills/habits,
known from earlier research to be important predictors of academic performance (Cappella et al., 1982;
Plant et al., 2005; Ruban & McCoach, 2005). Another limitation is the small sample size, which raises
concern about the ability to generalize the results. It is worth noting that student participants in this study
were similar to their fellow students in other courses offered by the sociology department at the University
with regard to age, ethnicity, and gender. Yet another limitation of the present study is that the total
amount of time spent on a course was used as the measure of student effort. Due to the ability of
students to perform multitasking with multiple browser windows, this measure – while significant in the
analysis – lacks precision. Disaggregating course time can make a difference. It is possible that the
amount of time spent in each tool within the LMS (e.g., reading rooms and discussion sections), the
number of discussion comments read versus posted, and the completion or otherwise of sample tests
and quizzes may have an impact on performance.
Future research that combines an extensive survey of study skills with electronically collected data on
time spent by students in different online learning activities will enable the ascertainment of the relative
importance of time online and time management strategies. Moreover, it might be interesting for future
research to explore qualitative measures of participation in online courses such as peer-reviewed quality
of writing and reading. It is acknowledged that additional studies across a wide variety of courses in a
range of higher education institutions would yield a better, more robust understanding of the relationship
between time online and other measures of participation and academic performance than that which was
yielded by the present study.
Conclusion
In sum, the multivariate analyses carried out as part of the study reported in this paper demonstrated that
previous record of achievement translated into increased odds of receiving a higher grade in all scenarios
examined. Apart from this factor, which was, by far, the most important predictor of getting a better grade,
the student's participation as measured by the amount of time he/she spent online had a significant
impact on his/her movement from F to C and D, and from C and D to A and B. This finding lends support
to the hypothesis that that the odds of attaining a particular academic grade are at least partially
explained by the time spent studying. The effects of other independent variables (major, credit hours, and
gender) were inconsistent. Major and credit hours had a significant impact on the odds of students
achieving the higher grades (A and B) versus F, but not the lower grades (C and D). Only the odds of
moving from the failing grade (F) to the top grade (A) were influenced, at the conventional significance
levels, by gender.
There is also a practical implication that should be mentioned here. The estimated regression models can
be used to make predictions. The estimated model can predict the odds of a certain grade over another
of a student with particular characteristics, depending on the effort invested by the student as proxied by
time spent online. For example, what are the odds of an average student receiving a B over a C?
Suppose a female student has a cumulative GPA of 2.78, does not major in sociology, and has
accumulated 22.5 credit hours. Plugging these data into equation (1) and solving it with respect to time
online produces a result of 0.32 hours, or approximately 19 minutes, per week. This implies that, all things
equal, an average student has to study online for an additional 19 minutes per week in order to move
from grade C to B.
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