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ABSTRACT
The Covid-19 pandemic significantly disrupted past norms in higher education. The immediate
impact was felt worldwide, as an abrupt shift to remote learning made colleges more invested in
online courses than ever before. Although not as evident, another significant change in higher
education included a shift away from the use of traditional cognitive predictors (SAT and ACT
scores) by colleges and universities, to admit prospective applicants. These trends escalate the
need for faculty and administrators to identify non-cognitive predictors of achievement in online
college courses, particularly in core subjects like mathematics. This study examined whether grit
and participation are predictive of success in an online college mathematics course. Using scores
from the Grit-S questionnaire and class participation, logistic regression analyses, a discriminant
function analysis, and correlation analyses were carried out to identify statistically significant
predictors of student success in online Intermediate Algebra courses at a community college in
California. The online, synchronous mathematics courses were taught during the spring 2022
semester using Canvas, the college Learning Management System. Scores on the Grit-S
questionnaire (a self-report ordinal 5-point survey with a total of 8 items), class participation
(total activity time within Canvas), along with other factors (prior knowledge and age), were
analyzed to identify the most influential predictors of success. The results suggest that class
participation, one of the two components of grit (perseverance of effort), and prior knowledge
are statistically significant predictors of success in an online college mathematics course. The
identification of two non-cognitive, dispositional predictors of achievement (participation and
grit) can aid college administrators and admissions professionals in reassessing the criteria used
for admissions, while college faculty may concurrently develop and foster these traits in their
iii

courses. These findings may help colleges and universities draw diverse and highly qualified
students, while simultaneously helping develop those currently enrolled into successful
graduates.

Keywords: mathematics, grit, participation, online, college
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CHAPTER I: INTRODUCTION
Chapter I is an introduction to an important component of the education sector:
community colleges. This chapter discusses the major issues facing community college students
across the nation. The purpose, significance, and design for this study are shared in this chapter,
followed by a brief introduction to a theory that will guide this research study. At the conclusion
of this chapter, a brief overview of the organization of this thesis will be provided.

1.1

Introduction
Community colleges are a vital component of society. Within the education sector,

community colleges are often the gateway for students hoping to transition to universities, and
are the foundation of higher education. Additionally, community colleges are often the most
suitable option for underprepared students, working adults, and those whose financial
opportunities and career goals are better served at a two year college (Kane & Rouse, 1999;
Brand et al., 2014; Glynn, 2019).
A shared characteristic of most community colleges is their requirement for students to
have a fundamental understanding of mathematics. Therefore, community colleges strive to help
students obtain a level of general education and simultaneously succeed in their college
mathematics courses. This study was determined to examine the relationships among factors that
may lead to an increase in student achievement within community college online mathematics
courses, and pave the road for future research aimed at instilling and cultivating those factors.

1

1.2

Background of the Problem
Mathematics courses have always been among the main requirements for any community

college student hoping to earn a certificate, an AA degree, or planning to transfer to a four year
university. Unfortunately, mathematics has also been a significant hurdle for many community
college students (Thiel et al., 2008). Factoring in the recent transition to online courses, due to
the pandemic (Lopez et al., 2021; Miller et al., 2020), course success rates and graduation rates
in colleges have declined (Bulman & Fairlie, 2021).
There has been a tremendous amount of research examining why students struggle in
mathematics and on the possible ways to improve student achievement. Among the research
examining why students struggle in math, a lot of focus is on what causes exist and how they
impact achievement. In the past 50 years, a significant development of a framework relating
causes and their properties, with affect and ultimately actions has come to fruition through
Weiner’s attribution theory. Weiner initially added to the work of Heider and Rotter to expand
the list of causes and their properties, to obtain a comprehensive list of causal attributions and
casual dimensions. The focus of Weiner’s theory included four main perceived causes of
achievement: ability, effort, task difficulty, and luck (Weiner et al., 1971).
More recently, there have been many studies on a fairly new term in educational research,
namely “grit”. The term is defined as “perseverance and passion for long-term goals” by
Duckworth et al. in their aptly titled study, Grit: Perseverance and Passion for Long-Term Goals
(2007, p. 1087). Examining grit and other variables, like class participation, through Weiner’s

2

attribution theory may help in the identification of predictors of achievement in the context of
higher education, particularly community colleges.
The goals of this research study included determining whether grit, participation, and
course success are correlated. Furthermore, this study focused on examining whether grit and
participation are significant predictors of success in online community college mathematics
courses.

1.3

Statement of the Problem
Mathematics has often been a significant hurdle for many community college students

across the nation. Recently, it has become an even bigger hurdle as many mathematics courses
started to change from traditional face-to-face instruction to online instruction, due to the
pandemic. These circumstances are similar for the 116 community colleges across the state of
California. Even though college administrators, faculty, and staff utilize a variety of methods to
help boost student achievement, the passing rates in mathematics remain low.
Clearly, the implementation of traditional strategies and theories towards boosting
achievement is not sufficiently helping the population of community college mathematics
students. Furthermore, the shift to remote learning has caused a decrease in student participation
and enrollment at colleges and universities around the world (Thatcher et al., 2020), including
California (Bulman & Fairlie, 2021). However, in recent years there has been a significant
amount of research on the non-cognitive trait “grit” and its link to achievement. The results in
many grit related studies are encouraging, but warrant further research. Moreover, due to how
3

recently the term “grit” was developed, very few studies examining the relationships between
grit, participation, and achievement have been published. A study conducted by Hodge, Wright,
and Bennett (2018) at an Australian University is among the few to examine similar relationships
in depth. They concluded the following:
The results of the complete model test suggest that both grit and engagement have a
direct positive relationship with productivity, suggesting that both student grit and student
engagement have an important role to play in the development of productivity at
university. (Hodge et al., 2018, p. 458)
The results of their study were promising, and raised questions on whether similar
relationships among grit, participation, and achievement exist in community college mathematics
courses within the United States. If so, strategies inducing grittiness and participation can be
implemented to improve achievement among community college mathematics students. For
instance, a 2010 meta-analysis by Credé et al., discussed potential strategies for boosting
participation. In the meta-analysis, a 2003 study by Moore was discussed, in which achievement
was shown to increase (Moore, 2003), by “simply stressing the importance of attendance to
students at the beginning of the semester” (Credé et al., 2010, p. 287).
Taking into account the significant problems, promising existing literature, and potential
for remedies, this study was conducted to examine whether grit and participation are significant
predictors of success in an online community college mathematics course.

4

1.4

Purpose of the Study
This quantitative study can be further classified as non-experimental, ex post facto

research. The purpose of this study was to identify any existing relationships among the three
continuous quantitative variables: grit, participation, and achievement. A few additional
variables were also examined in this study. These included participant age, which was
categorized into traditional and non-traditional, and pretest results, which measured prior
academic knowledge. Furthermore, this study examined whether grit and participation are
significant predictors of achievement.
Grit was a continuous quantitative variable, measured on a scale of 1 to 5 using the Grit-S
questionnaire (Duckworth & Quinn, 2009). Participation was also a continuous quantitative
variable, measured in hours, on a scale of 0 to 2,688. The upper bound for the number of
participation hours was obtained from the total number of hours in a four month time-span
during which the study was conducted. Age was a dichotomous variable, where subjects were
classified as traditional (18 – 24 years old) or non-traditional (25 years old or older) college
students based on their age. Pretest was a continuous quantitative variable measured on a scale of
0 to 100. Pretest results were obtained using a diagnostic assessment of content covered in a
prerequisite course. The results were helpful in approximating each subject’s prior academic
knowledge at the start of the semester.
Throughout this study, achievement was represented in one of three ways, in order to
analyze the data using different statistical techniques. One variable representing achievement
was course percent, which was a continuous quantitative variable on a scale of 0 to 100. To
represent subject achievement dichotomously, the variable success classified students as
5

successful or unsuccessful, depending on whether they passed the class or not. Lastly, the
variable success level was a categorical variable with three levels, used to split the subjects into
three categories based on their achievement. The categories included withdrawal, unsuccessful,
and successful, with the only difference between the dichotomous and this variable being the
extra category accounting for subjects that withdrew from the course before the end of the
semester. This study was conducted at a Large Urban Community College (LUCC) in California,
during the spring 2022 semester. The data was collected from two online sections of
Intermediate Algebra courses. Intermediate Algebra is a mathematics course offered by the
LUCC Mathematics Department and is among the most enrolled in mathematics courses for
incoming and continuing students.
The relationships between grit, participation, and achievement were examined through
correlation and regression techniques. Examining these relationships helped identify whether grit
and participation are predictive of success in an online community college mathematics course.
Interpreting the results through Weiner’s (2010) attribution theory may provide further
clarification into student achievement and serve as a catalyst to additional studies to improve the
course success rates in mathematics and overall graduation rates at community colleges.

1.5

Significance of the Study
The results of this study may be used to implement appropriate strategies to boost

community college mathematics achievement and overall enrollment. At LUCC in particular,
modifications in future courses may include instilling and developing student characteristics and
6

traits that were determined to be influential predictors of student success. Furthermore, if the
results of this study indicate a strong positive relationship between grit, participation, and
achievement, possible modifications to future courses may include building and promoting
student grittiness, while emphasizing and encouraging increased participation in an effort to
boost student success. A possible modification promoting grittiness is teaching students about
the growth mindset, and utilizing it to show that grit is not a fixed trait. Increased participation
may be incentivized through additional opportunities for students to work in groups, collaborate
on math related activities and projects, and extra credit. Additionally, reattribution training can
play a key role in fostering and developing the characteristics that lead to student success.
In general, this study potentially benefits future generations of college students.
Developing the relationships between grit, participation, and achievement may also have similar
benefits across math levels, across subjects, and throughout the student’s education and career
path. Additionally, this study will also open the door for further research into attribution theory,
and how grit and participation fit in with the already established casual ascriptions and casual
dimensions. In turn, community colleges across the nation may be able to implement newer
strategies and theories towards boosting achievement and helping the population of online
community college students succeed.

1.6

Primary Research Questions

Question 1: Are scores on the Grit-S questionnaire and class participation significant predictors
of success in an online college mathematics course?
7

Question 2: Examined pairwise, is there a statistically significant correlation between grit,
participation, and success in an online college mathematics course?

1.7

Hypotheses

Hypothesis 1: Scores on the Grit-S questionnaire and class participation are significant predictors
of success in an online college mathematics course.
Hypothesis 2: Examined pairwise, there is a statistically significant correlation between grit,
participation, and success in an online college mathematics course.

1.8

Research Design
This quantitative non-experimental study involved the examination of the pairwise

correlations between the variables collected. Grit, participation, and achievement were the three
main variables examined in this study, and correlation coefficients for each pairing were
computed in order to find any existing relationships. Furthermore, several models were
constructed to identify the impact the independent variables may have on the dependent variable.
Subject’s age and pretest results were included as additional variables when examining the
models. The study utilized attribution theory to examine the impact of grit and participation on
achievement.
California is home to 116 community colleges, including the Large Urban Community
College (LUCC) examined in this research study. Data for this study were collected during the
8

spring 2022 semester from two online Intermediate Algebra courses taught at LUCC. The
participants for this study were students who self-enrolled into either of the two courses in which
this study was conducted. The spring 2022 semester spanned from February 7, 2022 – June 6,
2022, which is the 16-week interval during which all data were collected. Initially, the sample
size was sixty-one subjects (n = 61), but due to missing data ended up being fifty-nine subjects
(n = 59). The primary data for this study were acquired by collecting information on student
participation (hours spent using the course Learning Management System - Canvas), student grit
scores (Grit-S questionnaire), prior knowledge (pre-test/diagnostic test) and achievement
(measured using standard assessments – tests). Measurements for grit were acquired by using the
Grit-S questionnaire, which is a self-report ordinal 5-point survey with a total of 8 items, used to
determine student grittiness (Duckworth & Quinn, 2009).
The target population is all community college students enrolled in online Intermediate
Algebra courses. Since LUCC was within this target population, and was a convenient and
accessible population for this study, the research focused on the cluster of the population
contained within LUCC. During the spring 2022 semester, there were 15 Intermediate Algebra
sections taught at LUCC. From the 15 sections offered, 12 were taught online, and 3 were taught
in-person.
This study used convenience sampling to examine a cluster of 2 out of the 12 sections
that were taught online. Since subjects self-enrolled in these sections, instructors and researchers
had no control or influence over the subjects that eventually ended up in these sections.
Additionally, the determination for which sections were selected for research had been made
prior to any enrollment possibilities. Since the sampling technique for this study was
9

convenience sampling, which is classified as a nonprobability sampling technique, this study
underwent the process of imperfect induction. In this study, statistical inferences were made to
estimate parameters of the target population (online community college students enrolled in
Intermediate Algebra) based on the statistics from the sample in the research (𝑛 = 59 students
enrolled in Intermediate Algebra at LUCC).
Students self-enrolled into the Intermediate Algebra courses in the same manner as all
students enroll in their classes. There was no information or announcements of this course being
different from any other Intermediate Algebra courses offered at the college. Thus, participants
were not recruited in this ex post facto research study. At the end of the spring semester all the
pertinent data were collected and routed through a college administrator, who removed all
participant identifiers before releasing it for analysis. The data was then analyzed using a variety
of techniques, including logistic regression analysis, discriminant function analysis, and
correlation analysis to address the questions in this study.

1.9

Theoretical Framework
In 1971, it was “postulated that individuals utilize four elements of ascription both to

postdict (interpret) and to predict the outcome (O) of an achievement-related event” (Weiner et
al., 1971, p. 2). The four elements (ability, effort, task difficulty, and luck), or as he later
describes them, casual ascriptions, reappeared in much of Weiner’s research over the years
(Weiner, 1971, 1979, 1980, 1985, 1991, 2000, 2010). Bernard Weiner expanded on his research
by indicating that “causes share three properties (locus, stability, and controllability)” (Weiner,
10

1985, p. 555). Furthermore, he indicated that “following the perception of an event there is an
attribution-emotion-action temporal sequence” (Weiner, 1980, p. 6). Decades later, Weiner
summarized the accumulation of much of his work into a “final attribution-based theory of
intrapersonal motivation” by stating that “the theory captures what I believe is the underlying
‘deep structure’ of a motivational episode: thinking gives rise to feelings which guide action”
(Weiner, 2010, p. 34). Half a century after Weiner identified the four causal ascriptions (ability,
effort, task difficulty, and luck), many scholars continue to base their research on Weiner’s
claims, research, and theory.
This study aimed to use Weiner’s attribution-based theory of motivation to better
understand the variables examined within this study and the way they may influence
achievement. After the turn of the millennium, a lot of research has been published related to a
fairly new concept, grit. Duckworth et al., (2007) defined the term as “perseverance and passion
for long-term goals” (p. 1087). Countless studies involving grit and achievement have been
conducted, but no published research examined grit and participation through Weiner’s
attribution theory. This study was focused on filling this void in existing research. Some of the
methods used included determining whether a statistically significant correlation existed between
grit, participation, and achievement, when examined pairwise. Additionally, regression
techniques where used to examine whether grit and participation are significant predictors of
success (achievement). The results of this study can set the foundation for future research,
potentially examining the grit, participation, achievement sequence, based on Weiner’s theory
that “thinking gives rise to feelings which guide action” (Weiner, 2010, p. 34). Future research
may also examine the variables found to be predictors of achievement in more depth, based on
their casual dimensions (internal, stable, and controllable).
11

1.10

Assumptions, Limitations, and Scope
This study was conducted with the assumption that the sample of subjects was random.

However, the participants were included in the sample through the use of convenience sampling,
posing a limitation in this study. The study also assumed the Grit-S questionnaire and pretest
were accurate measurements of a subject’s grittiness and prior knowledge. However, the
measurement instruments for grit and the pretest are not perfect, which created additional
limitations within this study.
Another limitation related to a measurement instrument was the data collected for
participation. Participation is a measurement of hours spent logged into the Learning
Management System (LMS), Canvas. However, Canvas can only measure the time students
spent working on course material online. Thus, this measurement tool for participation does not
account for time participants spent offline, like working from the textbook, reviewing class
notes, and studying. Since this data is impractical to collect, it was also a significant limitation in
this study.
The biggest limitation of this study had to be the small sample size, since there were only
fifty-nine (n = 59) total participants examined in the analyses. As stated in the problem
motivating this research, enrollment and achievement in mathematics have both declined in
community colleges across the nation. This trend had also been present among the student
population at LUCC, and the courses sampled in this study.

12

The data for this study was gathered from the target population, since LUCC is one of the
many community colleges in California and the nation. However, statistics based on data
collected from students attending the Large Urban Community College (LUCC) in California,
may not exactly match statistics in similar future studies that are located in less urban areas or
other states. Thus, caution must be used before attempting to make generalization or inferences
about all community college students in the nation.
As mentioned above, some of the limitations of this study included sample size and
scope. These delimitations were imposed for convenience and practicality. Future studies and
research should consider a broader scope with a larger sample size for more accurate results and
generalizability.

1.11

Definition of Terms

Grit:
The term “grit” has appeared in a significant amount of recent research. The term is
defined as “perseverance and passion for long-term goals” by Duckworth et al. in their aptly
titled study, Grit: Perseverance and Passion for Long-Term Goals (Duckworth et al., 2007, p.
1087). Furthermore, they go on to clarify that
Grit entails working strenuously toward challenges, maintaining effort and interest over
years despite failure, adversity, and plateaus in progress. The gritty individual approaches
13

achievement as a marathon; his advantage is stamina. Whereas disappointment or
boredom signals to others that it is time to change trajectory and cut losses, the gritty
individual stays the course. (Duckworth et al., 2007, pp. 1087-1088)
To measure grit, Duckworth and colleagues went on to develop a questionnaire they
called the “Grit Scale”, which would assign a quantitative value to a person’s level of grit. Their
original 12-item Grit Scale (later referred to as Grit-O), was later updated to an 8-item Short Grit
Scale (Grit-S).

Grit-S Questionnaire:
The Grit-S questionnaire is a measurement tool for quantifying a person’s grit level. It is
a self-report ordinal 5-point survey with a total of 8 items. In 2009, Duckworth and Quinn
published an entire article, Development and Validation of the Short Grit Scale (Grit-S),
explaining how they developed and validated the Grit-S questionnaire, which they concluded is
“a more efficient measure of trait-level perseverance and passion for long-term goals”,
(Duckworth & Quinn, 2009). In the article, Duckworth and Quinn compare the original 12-item
questionnaire (Grit-O) to the newly established 8-item questionnaire (Grit-S) by indicating that
“The Grit-S is a more efficient measure of grit” and that “The 8-item Grit-S is both shorter and
psychometrically stronger than the 12-item Grit-O” (Duckworth & Quinn, 2009). Thus, for this
study, the Grit-S questionnaire was used as the measurement tool to quantify a subject’s level of
grit, or grittiness.

14

Participation:
Participation encompasses a variety of meanings in different courses and studies. In this
study, participation referred to the number of hours a subject spent in Canvas, the college
Learning Management System (LMS). Due to the nature of online courses, subjects spent a
significant amount of time learning, studying, practicing, completing assignments, and taking
assessments online. In this study, most of the activities mentioned above took place within
Canvas. To obtain an accurate measurement of participation, all the instructional videos,
documents, discussions, assignments, and assessments had been assembled, organized, and
embedded into a Canvas course shell prior to the start of the semester. At the conclusion of this
study, the participation value assigned to each subject was determined using a built-in feature of
Canvas. This feature is called “Total Activity” within Canvas and measures the amount of time a
subject is logged into the course shell within the LMS. Canvas defines this instrument as follows:
Total Activity [7]—allows you to see how long students interact within a course and
counts page navigation only. Total activity time is displayed in hours:minutes:seconds. If
a user has not yet reached an hour of activity, total activity time is displayed as
minutes:seconds. Total Activity records any time spent viewing course content that
exceeds two minutes. If the time between a new activity and the last completed activity is
under ten minutes, all time between these two events will also be included. Total Activity
does not include group activity or page views for videos that do not include intermediate
page requests, such as a half-hour recorded lecture. (How do I use the, 2022, “View
Users” section)
15

Achievement (Success):
Achievement is a measure of the magnitude of a subject’s success in the course.
Achievement was determined using a weighted average of course assessments administered
throughout the semester. Both, formative and summative assessments were administered
throughout the semester, including multiple tests along with a final exam. Achievement was
often discussed in this study by referring to it using analogous terms, such as successful or
unsuccessful, if a subject passed the course or didn’t, respectively. Similarly, achievement was
also discussed in relation to the exact percentage a subject attained in the course, referred to as
the subject’s course percent.

Causal Dimensions (Locus, Stability, Controllability):
Locus:
Locus is one of the three casual dimensions, or characteristics of perceived causes. Locus
refers to the location of the cause in relation to an individual, and is either internal or external. As
an example, the casual locus of effort is internal, while the casual locus of luck is external.

Stability:
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Stability is another one of the three casual dimensions, or characteristics of perceived
causes. Stability refers to whether the cause is stable or unstable. In other words, does the cause
remain fairly constant or does it vary over time or task.
When considering the perceived cause of ability (or aptitude), it is fair to say that this
cause remains mostly constant, and would therefore be classified as stable. In contrast, let’s
consider effort and luck again. Both are perceived causes that can change over time and even
from one task to the next. Therefore, effort and luck are considered unstable. However, the two
causes differ with respect to controllability.

Controllability:
Controllability is the last of the three casual dimensions, or characteristics of perceived
causes. Controllability refers to whether an individual has control or influence over the cause or
not. Thus, a perceived cause is either controllable, or uncontrollable.
Recalling the perceived causes of effort and luck, it is clear that one can be controlled by
the individual, while the other cannot. Thus, effort would be considered controllable, since the
amount of effort exerted is under one’s control. In contrast, luck is out of one’s control, and
hence is considered uncontrollable.
Similarly, as defined in the instructions of a questionnaire Hayamizu and Weiner (1991)
provided their subjects, locus (internal/external), stability (stable/unstable), and controllability
(controllable/uncontrollable) can be thought of as follows:
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internal – something inside of you
external – something outside of you
stable – something that remains the same over time and situations
unstable – something that changes over time and situations
controllable – something you can do something about and volitionally alter
uncontrollable – something you cannot do anything about or volitionally alter
(Hayamizu & Weiner, 1991, p. 228)

Intermediate Algebra:
Intermediate Algebra is a community college mathematics course offered at many
community colleges in California and across the nation. This study specifically focused on the
subjects enrolled in the Intermediate Algebra course(s) at a Large Urban Community College
(LUCC) in California. The college catalog description for this course is as follows:
Students learn techniques for solving compound linear inequalities as well as absolute
value equations and inequalities, solving systems of linear equations in two and three
variables, simplifying non-linear expressions and solving non-linear equations such as
polynomial, rational, radical, exponential, and logarithmic. Students learn techniques for
rewriting the equation in the standard form for parabola and circle, and graph. Students
learn how to compute terms and sums of arithmetic and geometric series. Students will
apply the binomial theorem to expand the binomial with given power. Applications are
included in a wide variety of word problems. (Class Schedules & College Catalog, 2021,
College Catalog)
18

1.12

Summary
Chapter I presented the problem that is pervasive across community colleges in the U.S.

Traditional strategies and theories towards boosting achievement in mathematics are insufficient
for the struggling population of online community college mathematics students. The pandemic
has only exacerbated the decrease in student participation and enrollment. By examining grit,
participation, and achievement, Weiner’s attribution theory may provide more modern strategies
to improve student achievement in online community college mathematics courses.
In Chapter II, past and current literature related to predictors of achievement,
participation, grit, and Weiner’s attribution theory are reviewed. Chapter III examines the way
this study was conducted, the measurement instruments, data collection, and other information
pertinent to the methodology for this study. Chapter IV concentrates on the results, hypotheses,
and outcomes of the research. Finally, Chapter V discusses the results in the context of the
overall study, as well as study limitations and the implications of this research.
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CHAPTER II: LITERATURE REVIEW
Chapter II reviews the existing literature related to the topics of this study. Studies on
cognitive and non-cognitive predictors of success are discussed, along with relatively new
concepts and theories, like grit and Weiner’s attribution theory. A gap in existing literature is
identified at the conclusion of this chapter, providing even more incentive for the conduct of this
and similar studies. The main goal of this study involved determining whether grit and
participation are predictive of success in an online college mathematics course.

2.1

Predictors of Achievement
Achievement is often at the forefront of many research studies in higher education.

Researchers strive to identify the best predictors of success by examining both cognitive and
non-cognitive factors that explain the biggest variance in the models constructed from their
experimental data. In the past, a lot of research had focused primarily on cognitive factors
leading to achievement. However, non-cognitive factors have started to appear more often in
recent research studies examining achievement in the education setting, particularly in colleges
and universities.
2.1.1 Cognitive Predictors
Cognitive predictors of achievement often examined in higher education research include
SAT and ACT scores, high school grade point average, and college placement tests. Research
involving achievement in mathematics often includes one or a combination of the
aforementioned cognitive predictors. Previous studies have indicated that SAT and ACT scores
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appear as significant predictors of achievement in college, almost as often as high school grades.
Camara et al. (2000) identified high school grades and SAT scores as “substantial and significant
predictors of achievement in college” (p. 9). Burton et al. (2001) also found that SAT scores
significantly contributed to predicting achievement in college. Furthermore, they mentioned that
“the combination of SAT scores and high school records provided better predictions than either
predictor alone” (p. 1). Similarly, studies indicating the benefits of using college placement and
assessment tests have also appeared in the literature.
However, research with conflicting results has also been published, undermining the
magnitude of significance placed on cognitive predictors of achievement. Belfield et al. (2012)
found that “placement tests are not especially good predictors of course grades in developmental
education classes” (p. 39), but high school GPA was a more consistent predictor of college
performance. DeBerard et al. (2004) examined a variety of variables, including non-cognitive
variables as predictors, and identified a “substantial improvement in prediction over using high
school GPA and SAT scores alone” (p. 73). The results of Baron & Norman (1992) aligned with
other studies indicating “that the SAT makes a relatively small contribution to prediction” (pp.
1053-1054).
The only cognitive predictor that was measured in this study was a diagnostic test
assessing prior knowledge in mathematics, which has been shown to have a strong correlation
with achievement in mathematics in the past (Shim et al., 2017). In addition to a diagnostic test,
this study concentrated on several non-cognitive predictors of achievement, since prior studies
have indicated various non-cognitive predictors have showed positive results in predicting
achievement (Credé et al., 2010; Duckworth et al., 2007; Fernández-Martín et al., 2020; Lei et
al., 2018; Spitzer, 2000).
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2.1.2 Non-Cognitive Predictors
Non-cognitive predictors of achievement consist of a wider and less researched array of
predictors, in contrast with cognitive predictors. As research into non-cognitive predictors of
achievement continues to develop, the list of predictors becomes larger each year. Thus, it may
be convenient to consider two subcategories of non-cognitive predictors of achievement:
situational predictors and dispositional predictors. Some commonly researched non-cognitive
predictors classified as situational predictors include class size, socioeconomic status, parental
involvement, technology, and age. Additionally, a few of the non-cognitive predictors classified
as dispositional predictors appearing in literature include self-beliefs, personality traits,
participation, and grit. An overview of both categories of non-cognitive predictors of
achievement and their appearance in literature will provide some helpful background into this
study.
Situational Predictors. Situational predictors of achievement often appear in higher
education research, especially in the context of colleges. A brief introduction to key situational
predictors and their effect on achievement are provided next and include: class size,
socioeconomic status, parental involvement, technology, and age.
Class sizes in colleges and universities can reach hundreds of students, drastically
increasing the student to faculty ratio, and consequently decreasing the time allotted to each
student to ask questions and seek assistance. Research has shown that as class size decreases,
achievement increases. Glass and Smith (1979) identified a “clear and strong relationship
between class size and achievement” indicating that “there is little doubt that, other things equal,
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more is learned in smaller classes” (p. 15). In addition to considering the situational factors
students encounter within their institution, like class sizes, it’s also important to consider their
situation outside of their institution. Factors like socioeconomic status and parental involvement
can also have a significant impactful on student success.
Socioeconomic status (SES) has been shown to impact achievement in prior studies.
Holding everything else constant, it is natural to assume that students with access to more
resources and additional academic support have a higher chance of success. Both White (1982)
and Sirin (2005) have identified some correlation between SES and academic achievement.
Concentrating on parent’s income, educational attainment, and occupational level, White (1982)
concluded that “SES is positively but only weakly correlated with measures of academic
achievement” (p. 474). Similarly, Sirin (2005) found that “family SES at the student level is one
of the strongest correlates of academic performance”. Thus, it is fair to assume that “parent’s
location in the socioeconomic structure has a strong impact on students’ academic achievement”
(p. 438).
Parental involvement can sometimes overlap with SES. However, student academic
achievement can increase regardless of SES level when parents are more involved and set higher
expectations. Meta-analyses by Fan & Chen (2001) and Castro et al. (2015) both confirm the
large impact parents can have on student academic achievement. The meta-analysis by Fan &
Chen (2001) revealed “a strong moderating effect on the empirically observed relationship
between parental involvement and students’ academic achievement” (p. 17). They concluded that
their “finding confirms the intuition harbored by many educators and researchers, that parental
involvement and students’ academic achievement are positively related” (p. 12). Similarly,
23

Castro el al. (2015) noted that “The strongest associations between type of parental involvement
and academic achievement were found when parents have high academic expectations” (p. 41).
Involved parents may also try to arrange for appropriate access to technology, indicating that
both SES and parental involvement may also impact technology use.
Technology use in education has gradually increased over the decades and most recently
ballooned due to the pandemic (Lopez et al., 2021; Miller et al., 2020). It’s evident that student
access to technology can be influenced by the two aforementioned factors, SES and parental
involvement. Nevertheless, when considering the impact of technology on achievement as a
whole, research shows a statistically significant positive effect (Demir & Basol, 2014; Tamim et
al., 2011). The study by Demir & Basol (2014) indicated “CAME [Computer-Assisted
Mathematics Education] has a positive and extensive effect on academic achievement” (p. 2031).
Some research examined technology use in depth by comparing the use of technology in the
supporting role in contrast to the use of technology for purposes of direct instruction. Tamim et
al. (2011) concluded “computer technology supporting instruction has a slightly but significantly
higher average effect size than technology applications used for direct instruction (p. 17). It’s
also important to consider one’s ability to use technology, which can vary by generation.
Age is another important situational factor to consider when observing achievement at
colleges, which often have a large representation of traditional and non-traditional students. After
examining traditional and non-traditional student populations, Spitzer (2000) found that “adult
students and females perform better academically and are more decided about their career goals”
and elaborated further by explaining that “Many younger students are unclear about why they are
in college and where they are going. Older students have the advantage of experience” (pp. 9424

96). From the list of situational predictors, age will be the only one examined in this research
study.
Dispositional Predictors. Dispositional predictors of achievement are becoming more
prevalent in higher education research, especially in relation to the admission process at colleges
and universities. A brief introduction to key dispositional predictors and their effect on
achievement are provided next, and include: self-beliefs, personality traits, participation, and grit.

Self-beliefs as well as one’s well-being are relevant dispositional predictors of
achievement. In regard to achievement, as in many other contexts, intuition indicates that
optimistic self-beliefs and well-being can have a positive influence. A study by Bucker et al.
(2018) found that “academic achievement and well-being are statistically significant but only
relatively weakly related” and identified “a relatively small to medium correlation between both
constructs” (pp. 91-92). In a study by Valentine et al. (2004), it was determined that “having
positive self-beliefs confers a small but noteworthy advantage on subsequent achievement
measures relative to students who exhibit less favorable self-beliefs” (p. 127). Self-beliefs may
also be linked to certain personality traits.
Personality traits are another dispositional predictor commonly examined in literature.
Trapmann et al. (2007) examined the Big Five personality factors and their impact on
achievement. Identifying conscientiousness as the emerging trait in their study, Trapmann et al.
(2007) established “that Conscientiousness is an important trait for academic achievement” (p.
146). Conscientiousness has also appeared in a variety of similar studies to the extent that the
meta-analysis by Poropat (2009) found that “will or Conscientiousness would be associated with
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academic performance” (p. 331). Participation is another factor that may be associated with
academic performance.
Participation and engagement are among the core dispositional predictors of
achievement. The two terms are similar, although occasionally mean slightly different things,
depending on how they are defined in a particular study. Nevertheless, participation and
engagement have both been shown to impact achievement time and time again. Lei et al. (2018)
found “a higher level of overall, behavioral, emotional, and cognitive engagement was associated
with higher academic achievement” (pp. 524-525). Participation, particularly in the form of
attendance, has been identified as an important predictor of achievement by Credé et al. (2010),
“Attendance is a better predictor of class grades than any other known predictor (including
HSGPA, SAT scores, and study habits)” (p. 286). The meta-analysis by Credé et al. (2010)
discussed the importance of further examining this relationship, to fill a gap in the literature,
“Experimental or quasi-experimental data will ultimately be most useful for evaluating the causal
nature of the attendance–grade relationship, but such data are sparse in the educational literature”
(p. 286). The lack of data on the participation-achievement relationship in the literature is one of
the main motivations behind this research study, which examined both participation and
achievement.
The other core dispositional predictor of achievement examined in this study was grit.
Most of the predictors discussed above have often appeared in research, with prior studies
suggesting that achievement may be influenced by a variety of situational and dispositional
factors. However, most existing research was published before 2007, when the term “grit” was
formally introduced.
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2.2

Grit
The non-cognitive trait “grit” and its link to achievement have been researched

extensively during the last two decades. Some of the research studies focusing on grit, including
meta-analytic studies, have indicated that “grit is positively associated with student academic
achievement” (Lam & Zhou, 2021, p. 14). The term “grit”, is defined as perseverance and
passion for long-term goals by Duckworth, Peterson, Matthews, and Kelly in their aptly titled
study, Grit: Perseverance and Passion for Long-Term Goals (Duckworth et al., 2007).
In the 2007 article focused on the non-cognitive trait grit, one of the main findings was
that “grit accounted for significant incremental variance in success outcomes over and beyond
that explained by IQ, to which it was not positively related” (Duckworth et al., 2007, p. 1098).
Furthermore, the article suggested that “in every field, grit may be as essential as talent to high
accomplishment” (Duckworth et al., 2007, p. 1100). The original (Grit-O) scale for measuring
grit was widely used by her and other researchers at the time.
A few years later, in her 2009 article, Duckworth refined the key instrument she had used
to measure grit. She identified grit “as a compound trait comprising stamina in dimensions of
interest and effort” (Duckworth & Quinn, 2009, p. 166). Previously, she had used a survey
referred to as the Grit Scale, later named Grit-O. Her updated scale is referred to as the Grit-S
Scale, due to a decrease in the number of questions contained in the self-report ordinal 5-point
survey. Aside from decreasing the number of questions from the original 12 to 8, she indicated
that the scale had improved psychometric properties (Duckworth & Quinn, 2009). Something
that remained constant is the question loading, since the same 2-factor structure was retained in
the short grit scale.
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Specifically, the original questionnaire had two subscales: Consistency of Interest and
Perseverance of Effort. Each of the twelve questions from the original survey (Grit-O)
corresponded to one of the two subscales, resulting in six questions (2, 3, 5, 7, 8, and 11)
corresponding to the Consistency of Interest subscale and another six (1, 4, 6, 9, 10, and 12)
corresponding to the Perseverance of Effort subscale. Two questions from each subscale were
removed. Hence, in this process of obtaining a more efficient measure of grit, Duckworth
removed four of the original questions from the Grit-O and kept the remaining eight to obtain a
new measure of grit, called the short grit scale, denoted by Grit-S. However, the eight remaining
questions still loaded onto the same two subscales as before. The results of Duckworth’s
research, published in her 2009 article titled “Development and Validation of the Short Grit
Scale” indicated that keeping the two subscales was appropriate for the Grit-S scale, “The two
subscales, Consistency of Interest and Perseverance of Effort, were first order factors that loaded
on a second-order latent factor called Grit” (Duckworth & Quinn, 2009, p.168). In the new 8
item survey, questions 1, 3, 5, and 6 were associated with the Consistency of Interest subscale,
while questions 2, 4, 7, and 8 were associated with the Perseverance of Effort subscale.
Overall, her 2009 article went on to conclude that the Grit-S scale is “a more efficient
measure of trait-level perseverance and passion for long-term goals”. Furthermore, she indicated
that the studies examined in her research provided evidence for the “predictive validity,
consensual validity, and test-retest stability of the Grit-S questionnaire”. In conclusion,
Duckworth recommended the Grit-S “as an economical measure of perseverance and passion for
long-term goals” (Duckworth & Quinn, 2009, pp. 172, 174).
Since Duckworth published her articles on grit in 2007 and 2009, the term grit began
appearing in educational research everywhere. Most of the research involved analyzing grit’s
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impact on achievement, often in an education setting. The results of the research varied. In 2018,
Steinmayr et al. indicated that one of the two subscales was a better predictor than the other,
“Perseverance of effort contributed more to the prediction than did consistency of interests” (p.
114). Furthermore, their study also concluded that “The two grit subscales, consistency of
interests and perseverance of effort, more weakly predict achievement than do other conceptually
and empirically related constructs” (p. 121).
In contrast, other studies seemed to confirm the conclusions presented in Duckworth’s
research and also found grit to be a good predictor of achievement. Beyhan (2016) found that “In
[the] academic life of a student, as the grit level increases, achievement also increases” (p. 20).
Furthermore, Beyhan elaborated that the regression analysis in the 2016 study indicated that grit
is a vital predictor of achievement. Another study found a link between grit and mindset,
indicating that both are important for learners to have. More specifically, Polirstock (2017) noted
that “for adolescents, being gritty and having a growth mindset can significantly affect their
futures” (p. 6).
A recent comprehensive, systematic review of the literature related to grit was conducted
by Fernández-Martín et al. in 2020. The key findings in their study provide an optimistic outlook
to future research on grit and its significance as a predictor variable. The results of FernándezMartín et al. (2020) validate the approach of examining grit as a predictor, “The results suggest
that the evidences of effectiveness of grit as a predictor are largely stronger than those of grit as
outcome” (p. 163). Furthermore, their 2020 study identifies a need for additional research on this
construct, exactly what this study set out to do, “Additionally, our findings unveil that research
on this construct is off to a good start, even though higher-quality research is needed (p. 163).
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Thus, it is vital to conduct additional studies, examining grit as a predictor variable. One theory
that lends an interesting perspective to the concept of grit is Weiner’s attribution theory.

2.3

Attribution Theory

2.3.1 Early Development of Attribution Theory
Attribution theory dates back at least half a century, to the time of the publication of Fritz
Heider’s “The Psychology of Interpersonal Relations” in 1958. Heider’s work has and continues
to be a source for many, with respect to attribution theory. The work of Heider had a significant
influence on Weiner’s research, so much that he referred to Fritz Heider as “the originator of the
attributional approach in psychology” (Weiner, 1985, p. 551).
In his 1958 book, Heider concluded that
Close relations across a distance exist also between the thoughts, wishes, emotions, and
sentiments of one person and those of another. In the perception of other people we are
directed towards them and their psychological processes. We try to make sense out of the
manifold of proximal stimuli by ordering them in terms of the distal invariants and their
relevant dispositional properties. This ordering and classifying can often be considered a
process of attribution. (p. 296)
Heider’s analysis and research set the foundation for the early stages of attribution theory. He
went on to mention that “we interpret the events as being caused by particular parts of the
relatively stable environment” (p. 297).
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Most current studies utilizing attribution theory involve the concept of locus. Locus refers
to the location of the cause in relation to an individual and is either internal or external. Heider
discussed locus in depth and stated its significance back in 1958, “In common-sense psychology
(as in scientific psychology) the result of an action is felt to depend on two sets of conditions,
namely factors within the person and factors within the environment (p. 82). Furthermore, he
elaborated that “Of special importance for the interpretation of the social world is the separation
of the factors located in persons, and those that have their source in the environment of these
persons (p. 297). Thus, over half a century ago, Heider began the important discussion of locus
and whether it is located in persons (internal) or in the environment (external). Locus is the first
among the main causal dimensions that attribution theory includes. Over time, other prominent
researchers have made significant contributions in this field. In addition to Heider, researchers
including Rotter, Atkinson, Kelley, and Weiner had all added to this field in a variety of ways.
While investigating the dimensions of casual attributions, Wimer and Kelley (1982)
examined a wide range of possibilities and indicated the following:
We began this study with a sense that, given a sufficiently broad sampling of events and
rating scales, we might identify the main causal distinctions people make, at least as they
relate to a person's actions and outcomes. We are now humbled by the complexity of the
problem. … Weiner and his colleagues have shown the broad relevance of stability,
locus, and controllability. Our research suggests refining and adding to that list of
dimensions. (p. 1161)
The transition from Heider’s locus as the first causal dimensions in attribution theory to Weiner’s
stability, locus, and controllability causal dimensions is explained in the extensive research by
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Bernard Weiner, which has significantly contributed to attribution theory over the past half a
century (Weiner, 1971, 1979, 1980, 1985, 1991, 2000, 2010).

2.3.2 Bernard Weiner’s Attribution Theory
In 1971, Bernard Weiner expanded on the work of Heider, to whom he gave credit for the
ideas in his proposed attribution model of motivation, “Our model is greatly influenced by the
pioneering ideas of Fritz Heider [1958]” (Weiner, 1971, p. 2). By 1971, the original causal
dimension, locus, was supplemented with a second dimension, stability. In discussing elements
of ascription in achievement related contexts, Weiner identified “two basic dimensions: locus of
control (internal versus external) and degree of stability (fixed versus variable)” (Weiner, 1971,
p. 2). Thus, attribution theory became more adept in explaining various situations, especially in
differentiating between causes that are relatively constant versus those that fluctuate. In turn, this
would clarify the distinction between two internal causes based on their stability, like “ability”
versus “effort”. These are arguably both internal based on the locus causal dimension, but ability
is more stable than effort. Similarly, “task difficulty” and “luck” may be considered external
based on the locus causal dimension, but task difficulty is generally more stable than luck
(Weiner, 1971). By 1971, Weiner had developed a scheme for classifying causes using the two
casual dimensions, locus and stability, and explained that:
It is contended that individuals are able to process a wealth and diversity of information
to reach inferences about the causes of their own and others’ behaviors, that the casual
categories in achievement settings include ability, effort, task difficulty, and luck, that the
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casual ascriptions are schematized into the dimensions of locus of control and stability,
and that the attributions made have motivational significance. (Weiner, 1971, p. 8)
Weiner continued his research into the causes of success and failure, expanding his list of casual
dimensions, while gradually constructing an attributional theory of motivation. Less than a
decade later, in his 1979 publication, he stressed the importance of this work
In as much as the list of conceivable causes of success and failure is infinite, it is essential
to create a classification scheme or taxonomy of causes. In doing so, similarities and
differences are delineated and the underlying properties of the causes are identified. This
is an indispensable requirement for the construction of an attributional theory of
motivation. (Weiner, 1979, pp. 5-6)
Moreover, he introduced a third dimension to his taxonomy of causes, controllability. It is this
third dimension that seems to have finalized his taxonomy for classifying perceived causes.
“Hence, I propose that a third dimension of causality categorizes causes as controllable versus
uncontrollable” (Weiner, 1979, p. 6). He concluded “These causes can be comprised within three
primary dimensions of causality: stability, locus, and control [emphasis added]. . … The three
main dimensions, respectively, are linked to expectancy change, esteem-related affects, and
interpersonal judgements” (Weiner, 1979, p. 18). Thus, the taxonomy of causes established in the
late 70’s by Weiner has remained to this day. A lot of research has been approached through the
implementation of Weiner’s proposed taxonomy and his attributional theory of motivation.
In summary, during the past 50 years, a significant development of a framework relating
causes and their properties, with affect and ultimately actions has come to fruition through
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Weiner’s attribution theory. His work built on that of his predecessors, including Heider, Rotter,
Kelley and Atkinson, to name a few. In his 2010 article The Development of an AttributionBased Theory of Motivation: A History of Ideas, Weiner discussed his long road to the
development of what he refers to as the “Final attribution-based theory of intrapersonal
motivation” (p. 34). His initial research merged the work of Heider and Rotter, and was a
catalyst to the development of his attribution theory.
The focus of Weiner’s theory included four main perceived causes of achievement:
ability, effort, task difficulty, and luck. Examining different factors influencing achievement and
their connection to the perceived causes and their properties can be instrumental to
understanding the motivation and actions that ultimately lead to student success.
As discussed earlier, a fairly new (2007) concept emerged in recent research, namely grit.
Recall that grit is defined as “perseverance and passion for long-term goals” by Duckworth,
Peterson, Matthews, and Kelly in their aptly titled study, Grit: Perseverance and Passion for
Long-Term Goals (p. 1087). Although there is an evident overlap between grit, and Weiner’s
four perceived causes of success and failure, examining how grit and other factors such as
participation fit into Weiner’s theory may shed more light on student success. Furthermore, this
could be a significant contributor to explaining more variation in data and seems to be a void in
the existing research to date. The examination of any correlation between grit, participation, and
achievement, as well as whether grit and participation are significant predictors of student
success are crucial. This study can serve as a catalyst for additional research examining grit,
participation, and their contribution to achievement, from the perspective of Weiner’s attribution
theory.
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Weiner stated that “the theory captures what I believe is the underlying ‘deep structure’
of a motivational episode: thinking gives rise to feelings which guide action” (Weiner, 2010, p.
34). Furthermore, he mentions that “following the perception of an event there is an attributionemotion-action temporal sequence” (Weiner, 1980, p. 6). Thus, the theory involves attributing
causes, which bring about some affect, which in turn lead to action. Hence, the examination of
whether certain actions are immediate results of specific attributes is interesting. Prior research
and results provide an optimistic outlook for such a study. For example, one study discusses that
“The relationship between perceived control and academic achievement has largely been
established via correlational studies” (You et al., 2011, p. 254).
Research examining whether grit can ultimately trigger action in the form of
participation, and how this can effect achievement could also be conducted in the future. There
certainly is a great void on this unique topic and no current research even resembles this niche,
let alone utilizes Weiner’s attribution theory as the theoretical framework. When examining the
literature on similar topics, a few studies come close to filling in some gaps in the existing
research. However, no published research corresponds to the exact specifications of this study.

2.4

Research relating Grit, Participation, and Achievement
There has been plenty of research published on the individual topics of grit, participation,

and achievement. Some existing research has even analyzed and identified links between grit and
achievement, or participation and achievement. There has also been extensive research on
attribution theory, and research with links to attribution theory. Weiner’s proposition that
“changes in casual beliefs alter achievement-related performance” (Weiner, 2010, p. 34) can be
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linked to Dweck’s explanation of mindsets, “When we teach kids the growth mindset, their
motivation changes and their grades increase” (Mindsets, 2012, p. 17).
However, very few studies examining the relationships between grit, participation, and
achievement have been published. A study conducted by Hodge, Wright, and Bennett (2018) at
an Australian University is among the few to examine similar relationships in depth. They
concluded the following:
The results of the complete model test suggest that both grit and engagement have a
direct positive relationship with productivity, suggesting that both student grit and student
engagement have an important role to play in the development of productivity at
university. (Hodge et al., 2018, p. 458)
The results of their study were promising, and raised questions on whether similar relationships
among grit, participation, and achievement exist in community college mathematics courses in
the United States. If so, strategies inducing grittiness and participation can be implemented to
improve achievement among community college mathematics students. Unfortunately, there are
few, if any, studies on this precise topic. Thus, this gap in research is part of the motivation
behind this study. The main goal of this study was to examine whether grit and participation are
predictive of success in an online community college mathematics course.
After a thorough review of the literature, no studies examining the same variables, using
the same context and theoretical framework as this study have been found. Therefore, this study
is not only unique, but also significant, especially for future online community college
mathematics students. Thus, in this study, a thorough examination of the relationships among
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grit, participation, and achievement was undertaken, followed by an analysis of whether grit and
participation are predictive of success in an online community college mathematics course.

2.5

Summary
As the work of Fritz Heider evolved into Bernard Weiner’s current attribution theory, this

study hoped to expand on the existing literature to fill in more gaps, especially those involving
grit, participation, and achievement. One of the goals behind this study was to examine these
variables through the lens of Weiner’s attribution theory.
This chapter summarized some of the literature pertinent to the topic of this study and
introduced an important theoretical framework that guided the research. Chapter III contains the
methodology for this study, along with additional information on the variables that were
involved in this research.
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CHAPTER III: METHODOLOGY
Chapter III focuses on the research design for this study. In addition to discussing the
research setting and participants, the instruments and procedures implemented in this study are
also addressed. This chapter concludes with an introduction to how the data was processed and
analyzed, in preparation for the results shared in Chapter IV.

3.1

Introduction
This chapter discusses the research design used in this quantitative, non-experimental, ex

post facto research study. The target population for this study was community college students
enrolled in online mathematics courses. The purpose of this study was to determine whether grit
and participation are predictive of success in an online college mathematics course. By
examining the three main variables (grit, participation, and success), along with age and prior
academic knowledge, this chapter describes how the data was collected, the methods for
analyzing the data, and the justification for the methodology used.

3.2

Setting and Participants
This study was conducted at a Large Urban Community College (LUCC) in California.

LUCC is a diverse, urban community college that has been serving students for many decades. It
offers students the opportunity to obtain certificates, transfer to four year institutions, and obtain
degrees. The key demographics for the student population at LUCC based on a profile from fall
2018 include the following:
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Total Students (15,392 Credit Students, 3,882 Noncredit Students)



Age (27.2% of Students are Under 20, 26.4% of Students are 20 to 24 years old, 26.1% of
Students are 25 to 34 years old, 15.1% of Students are 35 to 54 years old, 5.2% of Students
are 55 and older)



Gender (57.7% of Students are Female, 42.2% of Students are Male)



Ethnicity (6.3% of Students are African American, 11.7% of Students are Asian / Pacific
Islander, 0.2% of Students are American Indian, 54.3% of Students are Hispanic / Latino,
13.5% of Students are White, 1.7% of Students are two or more races, 12.4% Other /
Unknown)



Educational Goals (46.4% of Students want to Transfer to a Four Year University, 8.1% of
Students want to Achieve an AA / Vocational Degree, 6.0% of Students are interested in
College Prep, 14.3% of Students are interested in Career or Workforce Education, 5.4% of
Students want to Earn Four Year College Credit, 3.1% of Students are here for Personal
Development, 16.7% Undecided / Unknown)



Study Load (26.6% of Students take 12 Units or more each semester, 30.0% of Students take
6 to 11 Units each semester, 43.4% of Students take 5 Units or less each semester)



Languages Spoken on Campus (72.9% of Students speak English at home, 10.3% of
Students speak Spanish at home, 4.9% of Students speak Armenian at home, 3.3% of
Students speak Korean at home, 2.0% of Students speak Russian at home)



Other Facts (45.3% of Students are First Generation College Students, 57.0% of Students
Receive Financial Aid, 91.5% of Students are U.S. Citizens or Permanent Residents).

(Facts & figures – demographics, 2021)

LUCC demographics indicate a diverse student population, which is a fair representation
of the community college students in one of the most diverse states in the U.S., California. “With
1.8 million students at 116 colleges, the California Community Colleges is the largest system of
higher education in the country” (California Community Colleges Chancellor’s Office, 2022).
However, the target population for this study was all online community college students enrolled
in mathematics courses. It’s important to note that there are hundreds of other community
colleges across the United States that also offer online mathematics courses, but many of them
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have less diverse student populations. Therefore, the demographics of the target population
won’t be an exact match for the sample used in this research. This was one of the limitations to
the generalizability of this study.
The goal of this study was to examine the relationships among factors that may lead to an
increase in student achievement within online community college mathematics courses. Many
institutions have used “online and technology-mediated instruction” in the past, where “the
average share of courses pre-COVID with at least one section taught online was about 21%”
(Hart, 2021, p. 49). However, the COVID-19 pandemic caused a sudden shift in education,
forcing traditional courses to be modified into an online format in early 2020 (Miller et al.,
2020). This was a monumental shift experienced internationally and at a rate never before seen in
education (Day, 2021).
Gradually, some institutions began to offer some in person courses, while maintaining the
bulk of their course offerings online. As time passed, institutions continued to alter the
combination of face-to-face and online course offerings from semester to semester. Their goals
included finding the right mix of courses to increase enrollment, while simultaneously following
state and federal health protocols. As institutions continue to find the right balance, one thing
remains clear: online courses are here to stay. Thus, a study that examines the factors that lead to
success in online community college mathematics courses is not only relevant in the current
climate, but will also be useful in the future, as many institutions plan to continue offering online
or hybrid courses for the foreseeable future (Benito et al., 2021).
The shift to remote learning has impacted most institutions nationwide. Among the
institutions feeling the negative ripple effect of the pandemic are the 116 community colleges in
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the state of California (Bulman & Fairlie, 2021). This study was conducted at a Large Urban
Community College (LUCC) in California, one of the 116 community colleges in the state. The
scope of this study was narrow, focusing on a small segment of the target population, LUCC
students enrolled in mathematics courses offered online during the spring 2022 semester. The
data for this study were collected from two online sections of Intermediate Algebra courses at
LUCC. Intermediate Algebra courses offered by the LUCC Mathematics Department are among
the most enrolled into mathematics courses every semester. During the fall 2021 semester, the
LUCC Mathematics Department offered a total of 100 mathematics courses, of which 19 were
Intermediate Algebra. During the spring 2022 semester, when the study was conducted, a total of
88 mathematics courses were offered, 15 of which were Intermediate Algebra courses (Class
Schedules & College Catalog, 2022).
The target population was all community college students enrolled in online Intermediate
Algebra courses. Since LUCC was within this target population and data from two of the online
Intermediate Algebra courses were accessible for this study, the research focused on the cluster
of the population contained within LUCC. From the 15 Intermediate Algebra sections offered at
LUCC during the spring 2022 semester, 12 were taught online, and 3 were taught in-person. This
study used cluster sampling to examine 2 out of the 12 sections that were taught online. Since
students self-enrolled in these sections, instructors and researchers had no control or influence
over the subjects that eventually ended up in these sections. Additionally, the determination for
which sections were selected for research had been made prior to any enrollment possibilities.
Nevertheless, this type of sampling is classified as convenience sampling and is therefore nonrandom. Convenience sampling is very common in population research due to its simplistic
nature, along with the low cost and low time consumption associated with this type of sampling
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method (Stratton, 2021). The main reasons convenience sampling was used in this research study
include the accessibility of the data, geographic proximity, and the limited time allotted for the
study. Therefore, the sampling method was another limitation to the generalizability of the study
results to the target population, due to potential bias.
The subjects in this study were students who self-enrolled into either of the two courses
in which this study was conducted. The spring 2022 semester spanned from February 7, 2022 to
June 6, 2022, which was the 16-week interval during which all data were collected. The initial
sample size was sixty-one (n = 61) subjects, which was adjusted to fifty-nine (n = 59) due to
missing data for two of the subjects.
In this study, statistical inferences were made to estimate parameters of the target
population (online community college students enrolled in Intermediate Algebra) based on the
statistics from the sample in the research (n = 59, students enrolled in Intermediate Algebra at
LUCC). Using the four predictors in the study, a medium effect size with alpha level (.05) and a
power of .80, the a priori power indicated a sample size of 85 was required. Therefore, the small
sample size was yet another limitation in this study.

3.3

Instrumentation
The data analyzed in this study was acquired by collecting information on subject

participation (hours spent using Canvas, the course Learning Management System), subject grit
scores (Grit-S questionnaire), subject prior knowledge (pretest), subject age (traditional or nontraditional), and subject achievement (measured using various assessments including tests).
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Due to the nature of online courses, data is often collected through a Learning
Management System (LMS). LUCC, along with many other community colleges in the U.S.
utilize Canvas as the main LMS for online courses. “Established in 2010, Canvas is the world’s
fastest growing learning management platform, used in 30% of United States higher education
institutions” (Fathema, 2020, p. 114). Not only is Canvas used in thousands of institutions across
the United States, Canvas also has a strong and growing presence internationally, with its share
of the higher education market on the incline (Marachi, 2020). The courses comprising the
sample of the population examined in this research were synchronous online courses, held
completely online using Canvas. Thus, the data and all pertinent information for this study were
obtained through the Canvas course shells associated with the two sections of participants. The
subjects in this study completed and submitted all course assignments by uploading and posting
their work in Canvas.

3.3.1 Participation
In this study, participation (PARTICIPATION) was a quantitative continuous variable,
measured on a scale of 0 to 2,688. Participation measured the total number of hours a subject
spent in Canvas, the college Learning Management System (LMS). Since this study examined
online courses, subjects spent a significant amount of time learning, studying, practicing,
communicating, working in groups, completing assignments, and taking assessments online. All
the activities mentioned above took place within Canvas. To obtain an accurate measurement of
participation, all the instructional videos, class discussions, assignments, group work, and
assessments had been assembled, organized, and embedded into the Canvas course shells prior to
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the start of the study. Canvas contains a built-in measure that calculates time spent on the
majority of these activities, which they call “Total Activity”. Canvas defined this measure as:
Total Activity [7]—allows you to see how long students interact within a course and
counts page navigation only. Total activity time is displayed in hours:minutes:seconds. If
a user has not yet reached an hour of activity, total activity time is displayed as
minutes:seconds. Total Activity records any time spent viewing course content that
exceeds two minutes. If the time between a new activity and the last completed activity is
under ten minutes, all time between these two events will also be included. Total Activity
does not include group activity or page views for videos that do not include intermediate
page requests, such as a half-hour recorded lecture. (How do I use the, 2022, “View
Users” section)
Therefore, each subject in the study received a participation value based on their total activity at
the end of the semester, as reported within Canvas. For convenience, during data collection the
measure was reported in hours by rounding each Canvas total activity value to the nearest hour.
The total number of hours a subject can realistically participate throughout the semester is
computed by the number of hours in a week (24 ∙ 7 = 168), times the number of weeks in the
semester (16-week semester course). Thus, the upper bound for the participation measurement
scale is 2,688 hours (168 ∙ 16 = 2,688). At the end of the semester, using the Canvas Total
Activity instrument, a value for the total amount of participation hours during the semester was
acquired for the subjects in this study. The participation values were all within the interval of 0 to
2,688 hours. In addition to participation, this study examined another non-cognitive dispositional
variable, grit.
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3.3.2 Grit
Grit (GRIT) was the other quantitative continuous variable explored in this study. Grit
scores were measured on a scale of 1 to 5, with 5 indicating the grittiest subjects. The grit scores
were obtained using the Grit-S questionnaire, which is a self-report ordinal 5-point survey with a
total of 8 items, shown to be a valid and reliable tool in measuring grit (Duckworth & Quinn,
2009). In 2007, Duckworth published an article focused on the non-cognitive trait grit. One of
the main findings was that “grit accounted for significant incremental variance in success
outcomes over and beyond that explained by IQ, to which it was not positively related”.
Furthermore, she suggested that “in every field, grit may be as essential as talent to high
accomplishment”, (Duckworth et al., 2007, pp. 1098, 1100). The setting of this study is in
education, which also happens to be the setting of two of the samples used for Duckworth’s
research. In her 2009 article, she refined the key instrument she had used to measure grit.
Previously, she had used a survey referred to as the Grit Scale, later named Grit-O Scale (O =
original). Her updated scale is referred to as the Grit-S Scale (S = short), due to a decrease in the
number of questions contained in the Likert survey. Aside from decreasing the number of
questions from the original 12 to 8, she indicated that the scale had improved psychometric
properties (Duckworth & Quinn, 2009). The updated Grit-S Scale kept the same question
loading, using the 2-factor structure from the original Grit-O Scale.
The Grit-S questionnaire has two subscales: Consistency of Interest (GRIT.INTEREST)
and Perseverance of Effort (GRIT.EFFORT). The eight item Grit-S questionnaire was
administered to the subjects in this study along with an additional item to specify the subject’s
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age group (see Appendix B). The Grit-S questionnaire items 1, 3, 5, and 6 correspond to the
Consistency of Interest subscale. Questionnaire items 2, 4, 7, and 8 correspond to the
Perseverance of Effort subscale. Each subject’s grit score was obtained by assigning values one
through five to the 5-point survey responses ranging from “Very much like me” to “Not like me
at all”. The subscales had the values assigned in reverse order, and once averaged, a score for
subject grittiness was obtained. The results of Duckworth’s research, published in her 2009
article titled Development and Validation of the Short Grit Scale indicated that keeping the two
subscales was appropriate for the Grit-S scale, “The two subscales, Consistency of Interest and
Perseverance of Effort, were first order factors that loaded on a second-order latent factor called
Grit”. After performing reliability and validity testing, Duckworth made the following
conclusion about the Grit-S Questionnaire: the Grit-S scale is “a more efficient measure of traitlevel perseverance and passion for long-term goals”. Furthermore, she indicated that the studies
examined in her research provided evidence for the “predictive validity, consensual validity, and
test-retest stability of the Grit-S questionnaire” (Duckworth & Quinn, 2009, pp. 168, 172).
Participation and grit were both non-cognitive variables examined in this study, but subjects
were also assessed using a cognitive variable through the use of a diagnostic test, referred to as
the pretest.

3.3.3 Pretest
Pretest (PRETEST) was a quantitative continuous variable measured on a scale of 0 to
100. Pretest results were obtained using a diagnostic assessment of content covered in a
prerequisite course. This was a standard instrument often used in this and similar courses to
gauge the prior content knowledge of college students in order to help bridge the gap to the
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content in the current course. The pretest was a 10-question multiple choice quiz administered in
Canvas and each question assessed a key student learning objective from the prerequisite course
(Elementary Algebra). The results were helpful in approximating each subject’s prior academic
knowledge at the start of the semester. Moreover, diagnostic tests have exhibited a strong
correlation with achievement in mathematics in prior research (Shim et al., 2017). Since the
pretest was a traditional diagnostic used in many similar online courses, the assessment did not
undergo any validity or reliability testing. The pretest was administered during the first week of
the semester and was not counted towards subjects’ course grades. Another variable that had no
impact on subject grades was the age category they self-reported.

3.3.4 Age
Age (AGE) was a dichotomous variable, which was categorized into traditional (18 – 24
years old) and non-traditional (25+ years old) groups. Categorizing college students as traditional
and non-traditional by age is common in higher education and the “cut-off point most frequently
adopted was that of 25 years” (Chung, 2014, p. 1226). The subject’s age group, which was
labeled as traditional and non-traditional provided more depth to the study and the
generalizability of the results to the target population. In this study, traditional community
college students were defined to be those whose ages range from 18 to 24 years old. Hence,
anyone 25 or older was classified as a non-traditional community college student. Subjects selfreported their age category in conjunction with the Grit-S questionnaire (see Appendix B).
Classifying subjects as traditional and non-traditional, along with assessing their prior academic
knowledge using a pretest provided supplementary data to examine the questions addressed in
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this study. The primarily focus of these questions and this study was on one key outcome,
achievement.

3.3.5 Achievement
Subject achievement (SUCCESS, COURSE.PERCENT, SUCCESS.LEVEL) in the
course was measured using a combination of traditional tests and other assignments. Subject
grades were determined using a weighted average of the following categories: homework,
Canvas discussions, group work, tests, and the final exam. The homework, discussions, and
group work accounted for a total of 40% of the course grade. The majority of the course grade
was determined using summative assessments, four tests and a final exam. Each test accounted
for 10% the overall grade (4 tests = 40%) and the final exam was worth 20% of the overall grade.
Thus, 60% of a subject’s grade was determined using a total of five tests based on the course
content covered throughout the semester. In sum, achievement measured the magnitude of a
subject’s success in the course and was obtained using a mixture of formative and summative
assessments (Peterson & Siadat, 2009).
For the logistic regression analyses in this study, most variables (PARTICIPATION,
GRIT, GRIT.EFFORT, GRIT.INTEREST, PRETEST, and AGE) were examined as independent
variables, whereas achievement was the dependent variable. Thus, for the logistic regression
analyses, achievement was represented as a dichotomous dependent variable, namely SUCCESS.
Subjects were classified as successful or unsuccessful, depending on whether they passed the
course or didn’t. A passing grade (successful) in Intermediate Algebra was associated with letter
grades C and above. In contrast, not passing (unsuccessful) was associated with the letter grades
D and F. However, some subjects participated in the study but did not complete the course in its
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entirety. If a subject withdrew from the course, their course grade was reported as a W, which
stands for Withdrawal. Subjects that participated in the study but chose not to complete the
course were also classified as unsuccessful. Therefore, when classifying subjects as successful or
unsuccessful for the dichotomous variable SUCCESS, subjects that earned a C or above were
classified as successful, while everyone else was classified as unsuccessful.
For the discriminant function analysis component of the study, the dichotomous variable
SUCCESS was restructured into a three level categorical variable, SUCCESS.LEVEL. This
provided more distinct groups by separating subjects that did not pass the class from those that
withdrew from the class. In other words, SUCCESS.LEVEL classified subjects into three
categories: Withdrawal (if subjects withdrew from the class before the end of the semester),
Unsuccessful (if subjects completed the course with a D or an F), and Successful (if subjects
completed the course with an A, B, or C).
Finally, for the correlation analyses in this study, a quantitative continuous variable was
required. Thus, subject achievement was measured using a third variable related to achievement,
COURSE.PERCENT. This variable represented the overall percentage a subject completed the
course with, measured on a scale of 0 to 100. Unfortunately, since some subjects had withdrawn
from the course before the end of the semester, they did not have an overall course percent, and
had to be removed from the correlation analyses component of this study.
Taking everything into account, subject achievement was measured using three unique
variables in this study. These variables are the dichotomous variable SUCCESS (successful or
unsuccessful), the categorical variable SUCCESS.LEVEL (withdrawal, unsuccessful, or
successful), and the quantitative continuous variable COURSE.PERCENT (0 – 100).
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The variables described above (PARTICIPATION, GRIT, GRIT.EFFORT,
GRIT.INTEREST, PRETEST, AGE, SUCCESS, COURSE.PERCENT, and SUCCESS.LEVEL)
were all used to analyze the data associated with the subjects in this study. The analyses
performed in this study are introduced in the data processing and analyses section, which follows
the procedure section below.

3.4

Procedure
This study was conducted during the spring 2022 semester, in the time frame of February

7, 2022 – June 6, 2022. The subjects were all enrolled into one of the two Intermediate Algebra
sections at LUCC, taught completely online. Students self-enrolled into the Intermediate Algebra
courses in the same manner as all students enroll in their classes. There was no information or
announcements of this course being different than any other Intermediate Algebra courses
offered at the college. Thus, participants were not recruited in this ex post facto research study.
At the end of the spring semester, all the pertinent data were collected and routed through a
college administrator, who removed all participant identifiers before releasing it for analysis.
Prior to conducting the study, an application was submitted and approved by the
Institutional Review Board (IRB) at Shawnee State University (see Appendix A). The research
was conducted in an established educational setting involving normal educational practices. The
participants were not impacted by the research in any way. Thus, this study did not have any
direct benefits or risks to its participants.
The data for this study were acquired by collecting information on subject participation,
subject grit scores, prior academic knowledge, age, and course success using the course LMS,
50

Canvas. The self-report Grit-S questionnaire along with an item identifying the subject’s age
category were administered to subjects enrolled in the two online Intermediate Algebra
community college courses at the start of the spring 2022 semester, during the first week of class.
Other than providing the subjects with the 8-item Grit-S questionnaire and a 1-item age category
question, both courses were taught in exactly the same manner as any traditional Intermediate
Algebra online course.
The majority of college students are adults and do not fall into any vulnerable population
category. Had there been any occurrence of minors enrolled in the community college courses
associated with this study, those individuals would have their data and all information related to
their participation in the courses completely omitted from this study. Since the courses involved
in this research were taught in the same manner as a traditional Intermediate Algebra online
course, there was no potential risks involved. In other words, besides administering the Grit-S
questionnaire and a 1-item age category question, there was nothing different being done to the
student population in comparison to any other Intermediate Algebra online course taught at the
college. Furthermore, the data were routed through a college administrator, who cleansed the
data and removed all participant identifiers before submitting it to the researcher for analysis.
The cleansed data was analyzed using appropriate statistical techniques. A power analysis and
effect size was also included in the reported results. The analyzed data and reported results did
not have any identifiable information for any subject or the student population. Hence,
identification of participants neither was nor will be available for this study. Furthermore, there
was no risk of privacy or confidentiality breach in the reported results. The results in this study
were obtained by performing the analyses described below.
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3.5

Data Processing and Analysis
Prior to performing the analyses, subject data from the two online Intermediate Algebra

mathematics courses taught at LUCC in spring 2022 were combined and all student identifiers
were removed. The descriptive statistics for the entire sample were obtained by identifying the
means and standard deviations for the quantitative variables: GRIT, GRIT.EFFORT,
GRIT.INTEREST, PRETEST, and PARTICIPATION. Additionally, the means for each variable
were compared across the two age groups for the dichotomous categorical variable, AGE. The
two age groups compared were classified as traditional and non-traditional students. The data
were further analyzed by comparing each of the quantitative variables across achievement groups
(successful and unsuccessful). Using unpooled two-sample t-tests for the quantitative
independent variables (GRIT, GRIT.EFFORT, GRIT.INTEREST, PRETEST, and
PARTICIPATION) across SUCCESS (Successful or Unsuccessful) determined the mean
difference for each variable across the two success groups (successful or unsuccessful). The
descriptive statistics along with the analysis of all data was performed using R Software (R Core
Team, 2020), and the power was calculated using G*Power.
The main analyses addressing the research questions in this study included two logistic
regression analyses, a discriminant function analysis, and four pairwise correlation analyses. The
first logistic regression analysis used four predictor variables (GRIT, PARTICIPATION,
PRETEST, and AGE) and one outcome variable (SUCCESS). For the analysis, a forced entry
method and a stepwise (backward elimination) method (Field et al., 2012), were both used to
arrive at two models, a full model and a reduced model. For each model, a variety of values were
52

obtained and reported, including: McFadden’s rho, AIC, Wald statistics, odds ratios, p-values,
2
95% CI’s, 𝑅𝐿2 and 𝑅𝐶𝑆
, VIF’s and tolerances, ROC graph, AUC, sensitivity, and specificity. The

same exact approach was implemented for the second logistic regression analysis, except the
analysis included five predictor variables (GRIT.EFFORT, GRIT.INTEREST,
PARTICIPATION, PRETEST, and AGE). Based on Field’s (2012) description of logistic
regression, “an extension of regression that allows us to predict categorical outcomes based on
predictor variables” (p. 313), and the fact that the outcome variable (SUCCESS) was
dichotomous, logistic regression was the first type of analysis implemented.
A discriminant function analysis (DFA) was used to predict SUCCESS.LEVEL using the
variables GRIT.EFFORT, GRIT.INTEREST, PARTICIPATION, and PRETEST. In particular, a
quadratic discriminant analysis (QDA) was utilized due to a violation of the homogeneity of
covariance matrices assumption. Group means and standard deviations for each predictor were
obtained across the three-level categorical variable, SUCCESS.LEVEL. The QDA model
predictions were compared to the observed data, to identify the percent of accurately classified
cases. Lastly, partition plots were obtained for each pair of quantitative predictors. Using DFA
was the optimal choice based on the outcome variable (SUCCESS.LEVEL), which consisted of
three groups (withdrawal, unsuccessful, successful), rather than the previously used outcome
variable (SUCCESS), which had only two groups (successful, unsuccessful). As Field (2012)
indicates, “In discriminant analysis we look to see how we can best separate (or discriminate) a
set of groups using several predictors (so it is a little like logistic regression but where there are
several groups rather than two)” (p. 738).
The last analyses were pairwise correlations. The first pairwise correlation analysis
examined the data for subjects that completed the course (n = 37) and used the variables
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COURSE.PERCENT, PARTICIPATION, and GRIT to identify the Pearson correlation
coefficients for each pairing. The second correlation analysis also examined the subjects that
completed the course (n = 37) but used the variables COURSE.PERCENT, GRIT.EFFORT,
GRIT.INTEREST, PARTICIPATION, and PRETEST to identify the Pearson correlation
coefficients for each pairing. Lastly, the remaining two correlation analyses examined the
subjects that completed the course (n = 37) separately, by examining the group that were
unsuccessful (n = 14), followed by the group that were successful (n = 23). Both of these
correlation analyses used the variables COURSE.PERCENT, GRIT.EFFORT,
GRIT.INTEREST, PARTICIPATION, and PRETEST to identify the Pearson correlation
coefficients for each pairing. As Tabachnik & Fidell (2013) suggested, “Bivariate correlation and
regression … assess the degree of relationship between two continuous variables” and “Bivariate
correlation measures the association between two variables with no distinction necessary
between IV [independent variable] and DV [dependent variable]” (p. 17). Therefore, correlation
analyses were ideal to address the second research question in this study.
In conclusion, the main research question “Are scores on the Grit-S questionnaire and
class participation significant predictors of success in an online college mathematics course?”
was primarily addressed using the logistic regression analyses and the discriminant function
analysis. While the second research question “Examined pairwise, is there a statistically
significant correlation between grit, participation, and success in an online college mathematics
course?” was addressed using the pairwise correlation analyses.
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3.6

Summary
The research design for this non-experimental, ex post facto research study involved a

target population of college students enrolled in online Intermediate Algebra courses. The
sample used in this study consisted of subjects enrolled in two online Intermediate Algebra
courses at LUCC during the spring 2022 semester. The quantitative variables collected in this
study included GRIT, GRIT.EFFORT, GRIT.INTEREST, PARTICIPATION, PRETEST, and
COURSE.PERCENT. The categorical variables obtained in this study included AGE,
SUCCESS, and SUCCESS.LEVEL. The planned data analyses were appropriate for the
variables and research questions in this study and are similar to other studies in this field. An in
depth examination of the analyses and the results are included in Chapter IV.
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CHAPTER IV: RESULTS
The central focus of this study was to examine whether scores on the Grit-S questionnaire
and class participation are significant predictors of success in an online college mathematics
course. In the process of exploring this question, the study also examined the pairwise
correlations between grit, participation, and achievement. This chapter will provide the basic
descriptives of the sample, examine the main analyses performed, and begin the discussion of the
results obtained in anticipation of Chapter V.

4.1

Basic Descriptives
This study initially included sixty-one subjects, but after the exclusion of two, fifty-nine

subjects remained in the sample, n = 59. Of the fifty-nine subjects in the sample, twenty-three (n
= 23, 38.98%) passed the course and were designated as successful. The other thirty-six (n = 36,
61.02%) subjects either withdrew from or did not pass the course, and were designated as
unsuccessful. The percentages for subjects classified as successful and unsuccessful did not
change significantly after the exclusion of two cases due to missing data. The two cases excluded
from the analysis had no participation values due to a very early withdrawal from the course.
The subjects in the study were classified as either traditional students (ages 18 – 24) or
non-traditional students (age 25 or above). Approximately two-thirds of the fifty-nine subjects
were traditional students (n = 39, 66%), while the remaining third were non-traditional students
(n = 20, 34%). Of the thirty-nine traditional students participating in this study, one-third
successfully completed the course (n = 13, 33%). The fraction was much larger for non-
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traditional students, where from the twenty non-traditional students, half successfully completed
the course (n = 10, 50%).
The mean (standard deviation) of the GRIT scores for the fifty-nine subjects was 3.383
(0.692). Examining grit through its subscale values, the mean GRIT.EFFORT score was 3.763
(0.689), whereas the mean GRIT.INTEREST score was 3.004 (0.924). The mean
PARTICIPATION value was 49.661 (52.003), while the mean PRETEST value was 33.898
(24.846). The above and additional means and standard deviations are summarized numerically
in Table 1.

Table 1
Subject Basic Descriptives
Success Status

Variables

Mean

SD

Successful
23 (39%)

Traditional

Students

Non-Traditional

Students

Mean

SD

Mean

SD

13 (56.5%)
GRIT

10 (43.5%)

3.332

0.597

3.240

0.446

3.450

0.760

GRIT.EFFORT

3.761

0.556

3.769

0.414

3.750

0.726

GRIT.INTEREST

2.902

0.855

2.712

0.706

3.150

1.000

PARTICIPATION

90.043

57.159

72.462

46.357

112.900

63.985

PRETEST

40.870

24.664

45.385

27.873

35.000

19.579

Unsuccessful
36 (61%)

26 (72.2%)
GRIT

10 (27.8%)

3.417

0.754

3.207

0.714

3.963

0.578

GRIT.EFFORT

3.764

0.770

3.587

0.797

4.225

0.463

GRIT.INTEREST

3.069

0.972

2.827

0.924

3.700

0.832

PARTICIPATION

23.861

25.912

21.038

22.180

31.200

34.084

PRETEST

29.444

24.254

39.231

20.770

4.000

9.661

Total
59 (100%)

39 (66.1%)
GRIT
GRIT.EFFORT

20 (33.9%)

3.383

0.692

3.218

0.631

3.706

0.707

3.763

0.689

3.647

0.692

3.988

0.641
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GRIT.INTEREST

3.004

0.924

2.788

0.850

3.425

0.939

PARTICIPATION

49.661

52.003

38.179

40.067

72.050

65.163

PRETEST

33.898

24.846

41.282

23.190

19.500

21.879

The data from Table 1 were used to conduct multiple unpooled two-sample t-tests for the
quantitative independent variables (GRIT, GRIT.EFFORT, GRIT.INTEREST, PRETEST, and
PARTICIPATION) across SUCCESS (Successful or Unsuccessful).
A priori power analysis was conducted using G*Power 3.1 for each unpooled two-sample
t-test. The results indicated that the sample size in this study (n = 59) is only adequate to achieve
a desired power of .80 for the unpooled two-sample t-test determining the mean difference in
PARTICIPATION across SUCCESS, which requires a total sample size of at least n = 18. Much
larger sample sizes (in triple digits or greater) are needed to achieve a desired power of .80 for
unpooled two-sample t-tests examining the mean difference in the other variables (GRIT,
GRIT.EFFORT, GRIT.INTEREST, and PRETEST) across SUCCESS. Therefore, adequate
power was a concern for each unpooled two-sample t-test, with the exception of
PARTICIPATION across SUCCESS.
Prior to examining the mean difference in GRIT across SUCCESS, the Shapiro-Wilk
normality test suggested no threats to the normality assumption (Successful: 0.956, p = .384;
Unsuccessful: 0.973, p = .509). Similarly, Levene’s test for homogeneity of variance indicated
no concerns with the equal variance assumption, test statistic = 3.122, p = .083. The unpooled
two-sample t-test examining the mean difference in GRIT across SUCCESS indicated an
insignificant difference between subjects who were successful in the course (M = 3.332, SD =
0.597) and subjects who were unsuccessful in the course (M = 3.417, SD = 0.754), t(54.265) =
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0.482, p = .632, with 95% CI (-0.269, 0.440). A small effect size was represented, Cohen’s d =
0.125.
Examining the subscales of GRIT, which are GRIT.EFFORT and GRIT.INTEREST,
involved two additional unpooled two-sample t-tests. For the mean difference in GRIT.EFFORT
across SUCCESS, the Shapiro-Wilk normality test suggested no threats to the normality
assumption (Successful: 0.921, p = .069; Unsuccessful: 0.954, p = .136). Levene’s test for
homogeneity of variance indicated no concerns with the equal variance assumption, test statistic
= 2.669, p = .108. The unpooled two-sample t-test examining the mean difference in
GRIT.EFFORT across SUCCESS indicated an insignificant difference between subjects who
were successful in the course (M = 3.761, SD = 0.556) and subjects who were unsuccessful in
the course (M = 3.764, SD = 0.770), t(56.037) = 0.017, p = .986, with 95% CI (-0.343, 0.350). A
very small effect size was represented, Cohen’s d = 0.005.
Similarly, for the mean difference in GRIT.INTEREST across SUCCESS, the ShapiroWilk normality test suggested no threats to the normality assumption (Successful: 0.970, p =
.701; Unsuccessful: 0.963, p = .263). Levene’s test for homogeneity of variance indicated no
concerns with the equal variance assumption, test statistic = 1.593, p = .212. The unpooled twosample t-test examining the mean difference in GRIT.INTEREST across SUCCESS also
indicated an insignificant difference between subjects who were successful in the course (M =
2.902, SD = 0.855) and subjects who were unsuccessful in the course (M = 3.069, SD = 0.972),
t(51.327) = 0.694, p = .491, with 95% CI (-0.316, 0.651). A small effect size was represented,
Cohen’s d = 0.183. Just like the variable GRIT, its subscales GRIT.EFFORT and
GRIT.INTEREST both had insignificant differences in means across SUCCESS.
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Examining the variable associated with prior knowledge (PRETEST), the unpooled twosample t-test led to slightly more interesting, yet still, not statistically significant results. For the
mean difference in PRETEST across SUCCESS, the Shapiro-Wilk normality test indicated
possible threats to the normality assumption (Successful: 0.962, p = .497; Unsuccessful: 0.913, p
< .01). Levene’s test for homogeneity of variance indicated no concerns with the equal variance
assumption, test statistic ≈ 0, p ≈ 1. The unpooled two-sample t-test examining the mean
difference in PRETEST across SUCCESS indicated an insignificant difference between subjects
who were successful in the course (M = 40.870, SD = 24.664) and subjects who were
unsuccessful in the course (M = 29.444, SD = 24.254), t(46.440) = -1.747, p = .087, with 95% CI
(-24.589, 1.738). A medium effect size was represented, Cohen’s d = 0.467.
Lastly, examining the PARTICIPATION variable, for which the sample size was
sufficient to achieve a desired power of .80 for the unpooled two-sample t-test, a statistically
significant difference in mean values across SUCCESS appeared. For the mean difference in
PARTICIPATION across SUCCESS, the Shapiro-Wilk normality test indicated possible threats
to the normality assumption (Successful: 0.923, p = .078; Unsuccessful: 0.760, p < .001).
Levene’s test for homogeneity of variance was also concerning, violating the equal variance
assumption, test statistic = 8.310, p < .001. The unpooled two-sample t-test examining the mean
difference in PARTICIPATION across SUCCESS indicated a statistically significant difference
between subjects who were successful in the course (M = 90.043, SD = 57.159) and subjects
who were unsuccessful in the course (M = 23.861, SD = 25.912), t(27.855) = -5.221, p < .001,
with 95% CI (-92.156, -40.209). A very large effect size was represented, Cohen’s d = 1.490. On
average, successful students had significantly higher PARTICIPATION values, than their
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unsuccessful counterparts. This is indicative of the influence participation, attendance, work
ethic, and studying have on achievement in online community college mathematics courses.
The descriptive data provided in Table 1 included three variables associated with grit.
These variables (GRIT, GRIT.EFFORT, and GRIT.INTEREST) and the instrument used to
obtain them are discussed next, along with an aggregate of the subject responses (Table 2)
initially collected.
GRIT scores were obtained using the Grit-S Questionnaire (Duckworth & Quinn, 2009).
Both subscale scores (GRIT.EFFORT and GRIT.INTEREST) were obtained using subject
responses to four of the eight questions in the self-report ordinal 5-point survey. Questions 1, 3,
5, and 6 corresponded to Consistency of Interest (GRIT.INTEREST), while questions 2, 4, 7, and
8 corresponded to Perseverance of Effort (GRIT.EFFORT). A summary of the aggregate subject
responses is provided in Table 2. The responses of the successful subjects are at the top of the
table, followed by the responses of the unsuccessful subjects, in the middle. The bottom of the
table provides an aggregate summary of responses by all fifty-nine subjects in the sample.

Table 2
Grit-S Questionnaire Subject Responses

Code

Very
much like
me

Mostly
like me

Somewhat
like me

Not much
like me

Not like
me at all

New ideas and projects sometimes
distract me from previous ones.*

Q1

2 (8.7%)

6 (26.1%)

10 (43.5%)

3 (13.0%)

2 (8.7%)

Setbacks don’t discourage me.

Q2

1 (4.3%)

5 (21.7%)

9 (39.1%)

7 (30.4%)

1 (4.3%)

I have been obsessed with a certain idea
or project for a short time but later lost
interest.*

Q3

3 (13.0%)

7 (30.4%)

4 (17.4%)

5 (21.7%)

4 (17.4%)

I am a hard worker.

Q4

10 (43.5%)

13 (56.5%)

0 (0%)

0 (0%)

0 (0%)

I often set a goal but later choose to
pursue a different one.*

Q5

4 (17.4%)

6 (26.1%)

8 (34.8%)

4 (17.4%)

1 (4.3%)

Question
Successful

(23)
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I have difficulty maintaining my focus
on projects that take more than a few
months to complete.*

Q6

3 (13.0%)

3 (13.0%)

10 (43.5%)

3 (13.0%)

4 (17.4%)

I finish whatever I begin.

Q7

5 (21.7%)

9 (39.1%)

8 (34.8%)

1 (4.3%)

0 (0%)

I am diligent.

Q8

5 (21.7%)

11 (47.8%)

7 (30.4%)

0 (0%)

0 (0%)

New ideas and projects sometimes
distract me from previous ones.*

Q1

6 (16.7%)

8 (22.2%)

8 (22.2%)

9 (25.0%)

5 (13.9%)

Setbacks don’t discourage me.

Q2

9 (25.0%)

5 (13.9%)

14 (38.9%)

7 (19.4%)

1 (2.8%)

I have been obsessed with a certain idea
or project for a short time but later lost
interest.*

Q3

4 (11.1%)

9 (25.0%)

8 (22.2%)

10 (27.8%)

5 (13.9%)

I am a hard worker.

Q4

16 (44.4%)

13 (36.1%)

6 (16.7%)

1 (2.8%)

0 (0%)

I often set a goal but later choose to
pursue a different one.*
I have difficulty maintaining my focus
on projects that take more than a few
months to complete.*

Q5

5 (13.9%)

2 (5.6%)

12 (33.3%)

12 (33.3%)

5 (13.9%)

Q6

5 (13.9%)

9 (25.0%)

11 (30.6%)

5 (13.9%)

6 (16.7%)

I finish whatever I begin.

Q7

10 (27.8%)

10 (27.8%)

13 (36.1%)

1 (2.8%)

2 (5.6%)

I am diligent.

Q8

11 (30.6%)

12 (33.3%)

9 (25.0%)

1 (2.8%)

3 (8.3%)

New ideas and projects sometimes
distract me from previous ones.*

Q1

8 (13.6%)

14 (23.7%)

18 (30.5%)

12 (20.3%)

7 (11.9%)

Setbacks don’t discourage me.

Q2

10 (16.9%)

10 (16.9%)

23 (39.0%)

14 (23.7%)

2 (3.4%)

I have been obsessed with a certain idea
or project for a short time but later lost
interest.*

Q3

7 (11.9%)

16 (27.1%)

12 (20.3%)

15 (25.4%)

9 (15.3%)

I am a hard worker.

Q4

26 (44.1%)

26 (44.1%)

6 (10.2%)

1 (1.7%)

0 (0%)

I often set a goal but later choose to
pursue a different one.*
I have difficulty maintaining my focus
on projects that take more than a few
months to complete.*

Q5

9 (15.3%)

8 (13.6%)

20 (33.9%)

16 (27.1%)

6 (10.2%)

Q6

8 (13.6%)

12 (20.3%)

21 (35.6%)

8 (13.6%)

10 (16.9%)

I finish whatever I begin.

Q7

15 (25.4%)

19 (32.3%)

21 (35.6%)

2 (3.4%)

2 (3.4%)

I am diligent.

Q8

16 (27.1%)

23 (39.0%)

16 (27.1%)

1 (1.7%)

3 (5.1%)

Unsuccessful

Total

(36)

(59)

Some interesting trends emerged among subjects who were ultimately successful. For
question 4 (I am a hard worker), all the subjects selected either “Very much like me” (43.5%), or
“Mostly like me” (56.5%). For question 7 (I finish whatever I begin), the majority of the subjects
selected either “Very much like me” (21.7%), “Mostly like me” (39.1%), or “Somewhat like me”
(34.8%), with only one subject choosing “Not much like me” (4.3%). Lastly, for question 8 (I am
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diligent), all of the subjects selected either “Very much like me” (21.7%), “Mostly like me”
(47.8%), or “Somewhat like me” (30.4%). These trends were most prevalent among successful
students. Of particular interest is that questions 2, 4, 7, and 8 are actually associated with the
perseverance of effort subscale of grit (GRIT.EFFORT). This subscale (GRIT.EFFORT) has also
been considered important in many prior studies (Bowman et al., 2015; Datu et al., 2015;
Fosnacht et al., 2018; Muenks et al., 2017).

4.2

Problems with Data Collection
The information collected in this research study was prone to issues with missing data.

Naturally, any community college course may have students who miss an assignment or an
assessment. Unfortunately, some of the subjects in this study also missed some assignments, and
in some cases had not even completed the Grit-S questionnaire. Hence, participants that had a
significant amount of missing data, especially those that had not completed the Grit-S
questionnaire were omitted from the study completely. After assembling the data from subjects
participating in the study, the total sample contained sixty-one subjects. However, upon further
review, two additional cases were removed from the study. Although both subjects had
completed the Grit-S questionnaire, their early withdrawal from the course resulted in other
missing data that made their inclusion in the study and analysis problematic. Thus, the final
sample contained fifty-nine subjects (n = 59), all of whom had values collected for GRIT,
PRETEST, AGE, and PARTICIPATION.
Students that withdrew from the course at some point during the semester were also
missing data, since they had not completed any work or participated in the class after
withdrawal. Nevertheless, most participants that completed the Grit-S questionnaire and later
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withdrew from the course were included in the study (with the exception of the two previously
mentioned cases). The main reason their data were included in the analysis was to examine how
the Grit-S questionnaire results corresponded to the successful completion of the course.
Therefore, participants that withdrew from the course would be classified as unsuccessful.

4.3

Data Analysis

4.3.1 Logistic Regression I
A standard logistic regression analysis was performed with SUCCESS as the
dichotomous outcome variable. There were a total of four predictors: GRIT, PARTICIPATION,
PRETEST, and AGE. The dependent outcome variable (SUCCESS) was either zero (0) if the
subject did not successfully complete the course or one (1) if the subject successfully completed
the course. The independent predictor variables collected in the study include quantitative and
categorical variables.
Each subject’s self-reported grittiness (GRIT) was obtained using the Grit-S
questionnaire. GRIT is a quantitative predictor ranging from one (1) to five (5), although the data
collected had subject responses ranging from two (2) to five (5), with no subjects reporting
grittiness values less than two (2). The number of hours subjects spent using the Canvas course
shell during the semester indicated their participation in the online course. Each subject’s
participation was reported using a quantitative predictor (PARTICIPATION) ranging from zero
(0) to two thousand, six hundred eighty-eight (2,688). The range of participation hours in the
data collected for the subjects was from two (2) to two hundred fifty-eight (258) hours.
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Prior knowledge in mathematics was assessed using a diagnostic test for all subjects. The
quantitative predictor (PRETEST) corresponding to the diagnostic test ranged from zero (0) to
one hundred (100) percent, based on the percent of questions the subject answered correctly on
the diagnostic test. The data collected included subject scores ranging from zero (0) to ninety
(90) percent, with no subjects scoring higher than ninety percent on the diagnostic test. The last
and only dichotomous predictor (AGE) in the data collected was the age category of each
subject. Subjects were grouped into two categories, traditional students and non-traditional
students. Traditional students were subjects between eighteen (18) and twenty-four (24) years
old, whereas non-traditional students were subjects twenty-five (25) years old or older.
After deleting two (2) cases with missing values, data from fifty-nine (n = 59) subjects
were available for analysis. Of the fifty-nine subjects in the sample, 23 (38.98%) were classified
as successful and 36 (61.02%) were classified as non-successful. The analysis was performed
using R (R Core Team, 2020).
Comparing the full model with all four predictors against a constant only model was
statistically significant, 𝜒2 (4, 𝑁 = 59) = 35.57, 𝑝 < .001, indicating that the set of predictors
reliably distinguished between successes and non-successes. McFadden’s rho = .451, df = 4,
indicated the variance in success status is slightly high. Based on the acceptable range provided
by McFadden (1977), “values of .2 to .4 for 𝜌2 represent an excellent fit” (p. 35), this model is a
fairly good fit for the data. The AIC for the full model (53.34) was lower than the constant only
model (80.90), confirming the full model was a better fit. Prediction success (using .5 as the
threshold) was impressive with 49 of 59 cases (83.1%) accurately classified. Sensitivity and
specificity values were .739 and .889 respectively.
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Table 3 shows the logistic regression coefficients, Wald statistics, odds ratios, p-values,
and 95% confidence intervals for the odds ratios of each of the four predictors. According to the
Wald criterion, two of the four independent variables (PARTICIPATION and PRETEST)
reliably predict success. The predictor PARTICIPATION is statistically significant at the .001
level (z = 3.481, p < .001), while the predictor PRETEST is statistically significant at the .05
level (z = 2.062, p < .05).
The odds ratio of 1.052 for PARTICIPATION indicates a low change in the likelihood of
succeeding on the basis of a one-unit change in PARTICIPATION. Since PARTICIPATION
measures the number of hours subjects spend in Canvas, a one-hour change is clearly
inconsequential. However, when considering a 14-unit increase (14 hours) in PARTICIPATION,
the odds ratio exceeds 2. This indicates that the likelihood of succeeding doubles for subjects
whose PARTICIPATION in the course increases by 14 hours. Similarly, the odds ratio of 1.040
for PRETEST indicates a low change in the likelihood of succeeding based on a one-unit change
in PRETEST. Since PRETEST was measured as a percentage of correctly answered questions on
a diagnostic assessment, a one-percent change is not likely to be influential. However, when
considering an 18-unit increase (18 percent higher) in PRETEST, the odds ratio exceeds 2. This
indicates that the likelihood of succeeding doubles for subjects whose PRETEST score at the
start of the course is 18 percentage points higher. In other words, controlling for the other
predictors, the odds of succeeding in the class increase 1.052 (2) times for each one-unit (14unit) increase in the PARTICIPATION hours. Likewise, controlling for the other predictors, the
odds of succeeding in the class increase 1.040 (2) times for each one-unit (18-unit) increase in
the PRETEST score.
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The odds ratio of 1.365 for AGE is interpreted differently, since AGE was classified
dichotomously. The baseline group for AGE was traditional college students (ages 18 to 24),
while the other group of students (ages 25 and above), were classified as non-traditional college
students. Thus, the odds ratio of 1.365 for AGE indicates that controlling for the other predictors,
the odds of succeeding in the class for non-traditional college students are 1.365 times higher
than those for traditional college students. This supports the results found by Spitzer (2000),
“older students have the advantage of experience” (p. 96).
Lastly, the odds ratio of 2.053 for GRIT is an indicator that a one-unit increase in GRIT
approximately doubles the odds of succeeding in the class, when controlling for other predictors.
GRIT was measured on a scale of 1 to 5, with 5 representing the grittiest subjects. Thus, although
not statistically significant based on the model, increasing one’s grittiness by a mere one-unit can
double one’s odds of success in the course. Beyhan (2016) also found that grit and success are
related, “as the grit level increases, achievement also increases” (p.20).
Table 3
Logistic Regression Analysis of Success Status as a Function of Four Predictors.
Wald
Odds
95% CI
95% CI
p-value
(z-ratio)
Ratio
Lower
Upper
0.719
1.048
2.053
.294
0.550
8.834
GRIT
0.051
3.481
1.052
.0005***
1.027
1.089
PARTICIPATION
0.040
2.062
1.040
.039*
1.005
1.085
PRETEST
0.031
0.295
1.365
.768
0.166
11.285
AGE
-6.863
-2.378
0.001
.017*
0.000
0.169
(Constant)
Note: Statistically significant (*) at the .05 level; (**) at the .01 level; and (***) at the .001 level.
Variables

B

Analyzing 𝑅 2 , the Hosmer and Lemeshow’s (1989) measure is 𝑅𝐿2 = .451, while the Cox
2
and Snell’s (1989) measure is 𝑅𝐶𝑆
= .453 for this model, 𝜒2 (4) = 35.57, 𝑝 < .001. The Variance

Inflation Factors and tolerance values indicated that multicollinearity is not an issue, with each
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predictor’s VIF (tolerance) as follows: GRIT – 1.49 (.67), PARTICIPATION – 1.63 (.61),
PRETEST – 1.52 (.66), and AGE – 1.68 (.60). After creating additional predictors for the
interaction between each predictor and the log of itself (Hosmer & Lemeshow, 1989), a linear
relationship may be assumed between the predictor variables and the logit of SUCCESS status,
with the exception of the predictor GRITLOG. The p-value of GRITLOG was p = .0364 (z = 2.092, p < .05), indicating statistical significance.
A receiver operating characteristic (ROC) graph is presented in Figure 1. Fawcett (2006)
indicated that an ROC graph “is a technique for visualizing, organizing and selecting classifiers
based on their performance” (p. 861). Furthermore, he stated that “to compare classifiers we may
want to reduce ROC performance to a single scalar value [AUC] representing expected
performance” (p. 868).
Figure 1
ROC Curve, Success Status, Four Predictor Model
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Using the four predictor model to generate the receiver operating characteristic curve
(ROC) illustrated in Figure 1, the area under the curve (AUC) was obtained. The AUC was
found to be .91, which indicates an exceptional model accuracy classification, due to its high
predictive power.
Figure 2 depicts a plot of the model sensitivity and specificity at various cutoffs,
including the minimized difference threshold (MDT). In their 2007 article, Jimenez-Valverde &
Lobo recommended “the MDT threshold criteria as the one of more general use” (p. 365). The
cutoff value minimizing the absolute difference between sensitivity and specificity is .34, where
the sensitivity and specificity were .778 and .783, respectively.

Figure 2
Plot of Model Sensitivity and Specificity for Various Cutoffs, Four Predictor Model
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After completing the standard logistic regression analysis, a backward elimination
logistic regression analysis was performed. Using the full model containing four predictors as the
starting point, a reduced model with only two predictors (PARTICIPATION and PRETEST) was
obtained after 5 Fisher Scoring iterations. The reduced model was statistically reliable,
𝜒2 (2, 𝑁 = 59) = 33.89, 𝑝 < .001, in comparison to the constant only model. McFadden’s rho =

.430, df = 2, decreased slightly as it neared the .4 threshold of an excellent fit. The AIC for the
reduced two predictor model (51.01) also decreased slightly, making it lower than the constant
only model (80.90), confirming the reduced model was a better fit. Analyzing 𝑅 2 , the Hosmer
2
and Lemeshow’s (1989) measure is 𝑅𝐿2 = .43, while the Cox and Snell’s (1989) measure is 𝑅𝐶𝑆
=

.437. Prediction success decreased slightly (by one case) with 48 of 59 cases (81.4%) accurately
classified. Sensitivity remained unchanged, .739, whereas specificity slightly decreased, .861.
Table 4 shows the logistic regression coefficients, Wald statistics, odds ratios, p-values,
and 95% confidence intervals for the odds ratios for both of the remaining predictors. According
to the Wald criterion, PARTICIPATION was the only reliable predictor of success. The
predictor PARTICIPATION is statistically significant at the .001 level (z = 3.931, p < .001),
while the predictor PRETEST is not statistically significant at the .05 level (z = 1.904, p = .057).
Table 4
Logistic Regression Analysis of Success Status as a Function of Two Predictors.
Wald
Odds
95% CI
95% CI
p-value
(z-ratio)
Ratio
Lower
Upper
0.047
3.931
1.048
.00008***
1.027
1.076
PARTICIPATION
0.032
1.904
1.032
.057
1.002
1.071
PRETEST
-3.897
-3.718
0.020
.0002***
0.002
0.120
(Constant)
Note: Statistically significant (*) at the .05 level; (**) at the .01 level; and (***) at the .001 level.
Variables

B
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Once again, the Variance Inflation Factors and tolerance values indicated that
multicollinearity is not an issue, with both predictor’s VIF (tolerance) the same:
PARTICIPATION – 1.14 (.88), and PRETEST – 1.14 (.66). While examining the interaction
between each predictor and the log of itself, none of the predictors were found to be statistically
significant. This indicates that the existence of a linear relationship between the predictor
variables and the logit of success status may be assumed.
A ROC graph is presented for the reduced model in Figure 3. Using the two predictor
model, the AUC obtained was slightly higher, .92, indicating an even higher predictive power.

Figure 3
ROC Curve, Success Status, Two Predictor Model
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Figure 4 depicts a plot of the model sensitivity and specificity at various cutoffs,
including the minimized difference threshold (MDT). The cutoff value minimizing the absolute
difference between sensitivity and specificity is .34, where the sensitivity and specificity were
.826 and .833, respectively.

Figure 4
Plot of Model Sensitivity and Specificity for Various Cutoffs, Two Predictor Model

Utilizing the ROC curves for the two models provided in Figures 1 and 3, Figure 5
compares the ROC curves for the standard four predictor model (solid gray line) and the reduced
two predictor model (dashed red line) in one graph.
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Figure 5
The ROC Curves for the Four Predictor and Two Predictor Models

4.3.2 Logistic Regression II
A second standard logistic regression analysis was performed with SUCCESS as the
dichotomous outcome variable again. However, this time the predictor GRIT was split into two
separate predictors, GRIT.EFFORT and GRIT.INTEREST. The Grit-S questionnaire was used to
obtain the GRIT scores for the subjects in this study. Since the predictor GRIT was not
statistically significant in the previous analyses, examining the subscales making up GRIT may
lead to more interesting results. Duckworth (2009) indicated that “The two subscales,
Consistency of Interest and Perseverance of Effort, were first order factors that loaded on a
second-order latent factor called Grit” (p.168). Examining Consistency of Interest
(GRIT.INTEREST) and Perseverance of Effort (GRIT.EFFORT) separately has been shown to
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be more effective (Bowman et al., 2015; Datu et al., 2015; Fosnacht et al., 2018; Muenks et al.,
2017).
A study of undergraduate students by Datu et al. (2015) found that “Only perseverance of
effort significantly loaded on the higher-order grit factor while consistency of interests did not”
(p. 124). Similar findings were shared by Bowman et al. (2015), “perseverance of effort tends to
be a stronger predictor than consistency of interest for academic and nonacademic outcomes” (p.
643). Results from studies of different populations reached the same conclusion, “for both high
school and college students, perseverance of effort predicted grades more strongly than did
consistency of interests” (Muenks, 2017, p. 616).
A more recent and much larger study encompassing nearly 12,000 undergraduates from
colleges and universities across the U.S. was conducted by Fosnacht et al. (2018) and determined
that “one dimension of grit, perseverance of effort, shows some promise in its ability to predict
important postsecondary outcomes” (p. 819). Fosnacht et al. also concluded that “the
perseverance of effort scale is a more powerful predictor of NSSE [National Survey of Student
Engagement] measures than consistency of interest (p. 818). Since PARTICIPATION was a
variable examined in this study, it was logical to examine how each of the grit subscales relate to
PARTICIPATION (student engagement) by examining Consistency of Interest
(GRIT.INTEREST) and Perseverance of Effort (GRIT.EFFORT) separately.
Since the predictor GRIT was split into two separate predictors, GRIT.EFFORT and
GRIT.INTEREST, the total number of predictors in the full model became five. The five
predictors were: GRIT.EFFORT, GRIT.INTEREST, PARTICIPATION, PRETEST, and AGE.
The same data from fifty-nine (n = 59) subjects were available for the second standard logistic
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regression analysis. Comparing the five predictor model to the constant only model was
statistically significant, 𝜒2 (5, 𝑁 = 59) = 40.32, 𝑝 < .001, indicating that the set of predictors
reliably distinguished between successes and non-successes. McFadden’s rho = .511, df = 5,
indicated the variance in success status is somewhat high. The AIC for the five predictor model
(50.59) was lower than the constant only model (80.90), confirming the five predictor model was
a better fit. Prediction success (using .5 as the threshold) was even more impressive, with 51 of
59 cases (86.4%) accurately classified. Sensitivity and specificity values were .783 and .917,
respectively.
Table 5 shows the logistic regression coefficients, Wald statistics, odds ratios, p-values,
and 95% confidence intervals for the odds ratios of each of the five predictors. According to the
Wald criterion, three of the five independent variables (PARTICIPATION, PRETEST, and
GRIT.EFFORT) reliably predict success. The predictor PARTICIPATION is statistically
significant at the .001 level (z = 3.695, p < .001), while the predictor PRETEST is statistically
significant at the .05 level (z = 2.304, p < .05). Furthermore, after examining GRIT using its
subscales, GRIT.EFFORT turned out to be statistically significant at the .05 level (z = 2.125, p <
.05), as other studies had suggested. Another interesting result of examining GRIT using its
subscales is the odds ratio for GRIT.EFFORT (5.940). This indicates that controlling for the
other predictors, the odds of succeeding in the class increase almost six times for each one-unit
increase in GRIT.EFFORT.
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Table 5
Logistic Regression Analysis of Success Status as a Function of Five Predictors.
Wald
Odds
95% CI
95% CI
p-value
(z-ratio)
Ratio
Lower
Upper
1.782
2.125
5.940
.034*
1.362
39.389
GRIT.EFFORT
-0.648
-1.057
0.523
.291
0.139
1.659
GRIT.INTEREST
0.058
3.695
1.060
.0002***
1.033
1.100
PARTICIPATION
0.051
2.304
1.052
.021*
1.012
1.106
PRETEST
0.569
0.497
1.767
.619
0.181
18.272
AGE
-10.116
-2.793
0.000
.005**
0.000
0.020
(Constant)
Note: Statistically significant (*) at the .05 level; (**) at the .01 level; and (***) at the .001 level.
Variables

B

Analyzing 𝑅 2 , the Hosmer and Lemeshow’s (1989) measure is 𝑅𝐿2 = .511, while the Cox
2
and Snell’s (1989) measure is 𝑅𝐶𝑆
= .495 for this model, 𝜒2 (5, 𝑁 = 59) = 40.32, 𝑝 < .001. The

Variance Inflation Factors and tolerance values indicated that multicollinearity is not an issue,
with each predictor’s VIF (tolerance) as follows: GRIT.EFFORT – 2.19 (.46), GRIT.INTEREST
– 1.58 (.63), PARTICIPATION – 1.88 (.53), PRETEST – 1.85 (.54), and AGE – 1.57 (.64).
While examining the interaction between each predictor and the log of itself, none of the
predictors were found to be statistically significant. This indicates that the existence of a linear
relationship between the predictor variables and the logit of success status may be assumed.
A receiver operating characteristic (ROC) graph is presented in Figure 6. Using the five
predictor model to generate a ROC, the area under the curve (AUC) was obtained. The AUC was
found to be .93, which indicates an exceptional model accuracy classification, due to its high
predictive power.
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Figure 6
ROC Curve, Success Status, Five Predictor Model

Figure 7 depicts a plot of the model sensitivity and specificity at various cutoffs,
including the minimized difference threshold (MDT). The cutoff value minimizing the absolute
difference between sensitivity and specificity is .41, where the sensitivity and specificity were
.826 and .833, respectively.
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Figure 7
Plot of Model Sensitivity and Specificity for Various Cutoffs, Five Predictor Model

After completing the standard logistic regression analysis using five predictors, a
backward elimination logistic regression analysis was performed. Using the full model
containing five predictors as the starting point, a reduced model with only three predictors
(GRIT.EFFORT, PARTICIPATION and PRETEST) was obtained after 6 Fisher Scoring
iterations. The reduced model was statistically reliable, 𝜒2 (3, 𝑁 = 59) = 39.08, 𝑝 < .001, in
comparison to the constant only model. McFadden’s rho = .495, df = 3, decreased slightly. The
AIC for the reduced three predictor model (47.82) was the lowest of all previously examined
models, and therefore also lower than the constant only model (80.90), confirming the reduced
model was a better fit. Prediction success decreased slightly (by one case) with 50 of 59 cases
(84.7%) accurately classified. Sensitivity slightly decreased, .739, whereas specificity remained
unchanged, .917.
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Table 6 shows the logistic regression coefficients, Wald statistics, odds ratios, p-values,
and 95% confidence intervals for the odds ratios for the three remaining predictors. According to
the Wald criterion, all three variables (GRIT.EFFORT, PARTICIPATION, and PRETEST) in
the reduced model were reliable predictors of success. Two of the predictors, GRIT.EFFORT (z
= 2.080, p < .05) and PRETEST (z = 2.370, p < .05) were statistically significant at the .05 level.
The third predictor, PARTICIPATION, was statistically significant at the .001 level (z = 3.839, p
< .001).
Table 6
Logistic Regression Analysis of Success Status as a Function of Three Predictors.
Wald
Odds
95% CI
95% CI
p-value
(z-ratio)
Ratio
Lower
Upper
1.399
2.080
4.052
.038*
1.202
17.757
GRIT.EFFORT
0.060
3.839
1.061
.0001***
1.034
1.101
PARTICIPATION
0.045
2.370
1.046
.018*
1.011
1.092
PRETEST
-10.211
-2.957
0.000
.003**
0.000
0.014
(Constant)
Note: Statistically significant (*) at the .05 level; (**) at the .01 level; and (***) at the .001 level.
Variables

B

Analyzing 𝑅 2 , the Hosmer and Lemeshow’s (1989) measure is 𝑅𝐿2 = .495, while the Cox
2
and Snell’s (1989) measure is 𝑅𝐶𝑆
=.484 for this model, 𝜒2 (3) = 39.08, 𝑝 < .001. Yet again, the

Variance Inflation Factors and tolerance values indicated that multicollinearity is not an issue.
The three predictor’s VIF (tolerance) values are as follows: GRIT.EFFORT – 1.59 (.63),
PARTICIPATION – 1.75 (.57), and PRETEST – 1.43 (.70). While examining the interaction
between each predictor and the log of itself, none of the predictors were found to be statistically
significant. This indicates that the existence of a linear relationship between the predictor
variables and the logit of success status may be assumed.
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A ROC graph was presented for the reduced model in Figure 8. Using the three predictor
model, the AUC obtained was about the same, .93, indicating a similar predictive power.

Figure 8
ROC Curve, Success Status, Three Predictor Model

Figure 9 depicts a plot of the model sensitivity and specificity at various cutoffs,
including the minimized difference threshold (MDT). The cutoff value minimizing the absolute
difference between sensitivity and specificity is .40, where the sensitivity and specificity were
.783 and .778, respectively.
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Figure 9
Plot of Model Sensitivity and Specificity for Various Cutoffs, Three Predictor Model

Utilizing the ROC curves for the two models provided in Figures 6 and 8, Figure 10
compares the ROC curves for the standard five predictor model (solid grey line) and the reduced
three predictor model (dashed red line) in one graph.
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Figure 10
The ROC Curves for the Five Predictor and Three Predictor Models

4.3.3 Discriminant Function Analysis
To examine the data in more depth, the dichotomous dependent variable (SUCCESS) was
restructured into a categorical variable (SUCCESS.LEVEL) with three levels. In the previous
logistic regression analyses, SUCCESS was examined dichotomously with students that passed
the class designated as successful and everyone else as unsuccessful (see Table 7). However,
many students withdrew from the course and were automatically designated as unsuccessful. To
distinguish between students that withdrew from the course and those that completed the course
unsuccessfully, a new dependent variable was analyzed, SUCCESS.LEVEL (see Table 8). This
categorical outcome variable had three levels: Successful (subjects that completed the course
with a passing grade), Unsuccessful (subjects that completed the course with a failing grade), and
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Withdrawal (subjects that withdrew from the course before the end of the semester, therefore not
completing the course or receiving a grade).
Table 7
Dichotomous Classification of Subjects for Logistic Regression Analysis
Dependent Variable
SUCCESS

Successful
23 (39.0%)

Unsuccessful
36 (61.0%)

Total
59

Table 8
Categorical Classification of Subjects for Discriminant Function Analysis
Dependent Variable
SUCCESS.LEVEL

Successful
23 (39.0%)

Unsuccessful
14 (23.7%)

Withdrawal
22 (37.3%)

Total
59

Discriminant Function Analysis (DFA) has been used for decades to distinguish groups
based on their characteristics. Robyak (1978) used DFA to differentiate three groups of students
based on various study and non-study skills. In a study predicting voluntary withdrawals from
college, Bianchi and Bean (1980) used personality measures to predict group membership using
DFA. Martinez (2001) discussed using DFA as another approach to predict student success in
community college courses. A more recent study by Karagiannopoulou (2022) also utilized DFA
to predict academic progress based on student learning approaches, emotional factors, and their
pace in the program.
In this study, examining subject data using the dependent outcome variable
SUCCESS.LEVEL provided a more accurate interpretation of the data. DFA was used to predict
SUCCESS.LEVEL using the variables GRIT.EFFORT, GRIT.INTEREST, PARTICIPATION,
and PRETEST. After testing whether the variance-covariance matrices are equal, Box’s M-test
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for homogeneity of covariance matrices (Field, 2012, p.718) indicated the assumption was
violated (𝜒2 (20) = 38.203, 𝑝 < .01). In turn, the planned linear discriminant analysis (LDA)
was replaced with a quadratic discriminant analysis (QDA). To perform the QDA, the original
data consisting of fifty-nine subjects (n = 59) were split into two subgroups. The first subgroup
containing approximately 80% of the subjects was utilized to fit [train] the model. The second
subgroup containing the remaining 20% of the original data was utilized to evaluate [test] the
model created from the first subgroup. For this study, the QDA involved the utilization of 80%
(n = 47 [train]) of the original subjects (n = 59) to create the model, and the remaining 20% (n =
12 [test]) to test it. Table 9 provides the group means (standard deviations) for the four predictors
used in the QDA, across the three level categorical outcome variable, SUCCESS.LEVEL.
Table 9
Group Means and Standard Deviations for Predictors across SUCCESS.LEVEL
GRIT.
EFFORT

GRIT.
INTEREST

PARTICIPATION

PRETEST

(coded)

Withdrawal (0)

3.938 (0.674)

3.156 (1.044)

20.188 (25.977)

20.625 (19.483)

Unsuccessful (1)

3.667 (0.778)

2.896 (0.686)

33.667 (31.288)

32.500 (32.228)

Successful (2)

3.816 (0.588)

2.882 (0.918)

86.579 (61.290)

41.579 (22.916)

SUCCESS.LEVEL

Means (Standard Deviations)
Examining the boxplots for the predictor means across the SUCCESS.LEVEL groups
indicated two predictors (PARTICIPATION and PRETEST) are particularly influential on
predicting subject success. The PRETEST scores are higher for subjects that successfully
completed the course, indicating that prior knowledge (assessed through the PRETEST
diagnostic) is a potential predictor of academic success. Even more so than PRETEST,
84

PARTICIPATION clearly differed across groups. The PARTICIPATION values measuring the
number of hours spent in Canvas were least among the “Withdrawal” group, since those subjects
withdrew from the course prior to the end of the semester. Of more interest is the difference
between the subjects designated “Unsuccessful” and those designated as “Successful”. First, just
like the trend in the means (Table 9), the median value for PARTICIPATION (Figure 11) among
successful subjects was much higher than for those that are unsuccessful. Second, the 25th
percentile value among successful subjects is higher than the 75th percentile for the unsuccessful
subjects for PARTICIPATION. This indicates that the bottom 75% of the subjects that were
unsuccessful spent less time participating in the class than the top 75% of the subjects that were
successful, confirming a strong relationship between participation hours and success.

Figure 11
Box Plots for PRETEST and PARTICIPATION across SUCCESS.LEVEL

Note: Withdrawal = 0, Unsuccessful = 1, and Successful = 2.
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The QDA model predictions successfully classified 91.7% of the subjects. Eleven of the
twelve subjects from the test subgroup used to test the model were classified correctly, as
illustrated in Table 10. The one incorrectly classified subject was predicted to be successful, but
actually completed the course unsuccessfully. The remaining eleven subjects were correctly
classified as follows: six withdrew; one was unsuccessful; and four were successful.

Table 10
Quadratic Discriminant Analysis Predictions and Observations Table
SUCCESS.LEVEL

Withdrawal (0)

Unsuccessful (1)

Successful (2)

6
0
0
Withdrawal (0)
0
1
0
Unsuccessful (1)
0
1
4
Successful (2)
Note: Rows correspond to predictions, whereas columns correspond to observations.

Some limitations worth noting include the unequal number of cases across the three
levels (see Table 8) of SUCCESS.LEVEL, outliers, and the small sample size. Due to the small
sample size, outliers were not removed from the data set.
The classification tables were examined for each pair of quantitative predictors resulting
in partition plots illustrated in Figure 12. The quantitative predictors illustrated in the partition
plots include: GRIT.EFFORT, GRIT.INTEREST, PARTICIPATION, and PRETEST.
Reviewing the partition plots for this model in Figure 12, note the correct classifications are
designated in black (coded: 0 = withdrawal, 1 = unsuccessful, 2 = successful), whereas the
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incorrect classifications are designated in red (coded: 0 = withdrawal, 1 = unsuccessful, 2 =
successful). Each plot is supplemented by the approximate error rate located at the top.

Figure 12
Partition Plots

4.3.4 Pairwise Correlation Analysis
The key variables used throughout this study included GRIT, PARTICIPATION, and
SUCCESS. To find out whether there was any significant relationship between these variables, it
was important to examine their pairwise correlations. However, since the outcome variable
(SUCCESS) was coded dichotomously, another variable was used to examine the correlations.
When collecting the data, the variable SUCCESS was determined based on the overall percent
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(COURSE.PERCENT) a subject obtained in the course. Unfortunately, since some subjects
withdrew from the course before the end of the semester, they did not receive a percentage
(COURSE.PERCENT). Of the fifty-nine subjects participating in the study, twenty-two (n = 22,
37.3%) withdrew from the course before the end of the semester. The remaining thirty-seven (n
= 37, 62.7%) completed the course and received an overall percent at the end of the semester.
Hence, for the correlation analysis in this study, only thirty-seven cases were examined.
Utilizing the thirty-seven subjects that received a course percentage
(COURSE.PERCENT), along with PARTICIPATION, and GRIT, a correlation matrix was
obtained. Table 11 provides the Pearson Correlation Coefficients for the pairwise correlations of
COURSE.PERCENT, PARTICIPATION, and GRIT.

Table 11
Pearson Correlation Matrix for Subjects that Completed the Course (n = 37)
Variables
COURSE.PERCENT
PARTICIPATION
GRIT

COURSE.
PERCENT
-

PARTICIPATION

GRIT

.564
-

-.047
-.062
-

Based on the Pearson correlation coefficient, the correlation between GRIT and
PARTICIPATION was not statistically significant (𝑟𝑝 = −.062, 𝑝 = .717). Similarly, the
correlation between GRIT and COURSE.PERCENT was also not statistically significant
(𝑟𝑝 = −.047, 𝑝 = .783). However, the correlation between PARTICIPATION and
COURSE.PERCENT was statistically significant (𝑟𝑝 = .564, 𝑝 < .001), indicating a strong
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positive relationship between the variables based on the large effect size (𝑟𝑝 > 0.5). This
indicates that as subjects participate (PARTICIPATION) more, their overall grade
(COURSE.PERCENT) also increases.
The correlations between GRIT and the other variables were not noteworthy. However,
the logistic regression analysis also initially showed no statistical significance for the variable
GRIT, but when running a second logistic regression analysis one of the subscales for GRIT did
end up being a statistically significant predictor of success. Therefore, a second correlation
analysis examining the subscales for GRIT (GRIT.EFFORT and GRIT.INTEREST), and an
additional variable (PRETEST) was performed.
The results for the second correlation analysis examining the pairwise correlations
between COURSE.PERCENT, GRIT.EFFORT, GRIT.INTEREST, PARTICIPATION, and
PRETEST are reported in Table 12. Similar to the first correlation analysis, the most noticeable
correlation was once again between PARTICIPATION and COURSE.PERCENT (𝑟𝑝 = .564,
𝑝 < .001).

Table 12
Pearson Correlation Matrix for Subjects that Completed the Course (n = 37)
Variables
COURSE.PERCENT
GRIT.EFFORT
GRIT.INTEREST
PARTICIPATION
PRETEST

COURSE.
PERCENT

GRIT.
EFFORT

GRIT.
INTEREST

PARTICIPATION

PRETEST

-

.009
-

-.078
.366
-

.564
-.109
-.003
-

.081
-.150
-.059
-.100
-
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Splitting the cases into two groups, unsuccessful subjects (n = 14) and successful subjects
(n = 23), similar correlation analyses were performed. The results for the correlation analysis
examining only unsuccessful subjects (Table 13 – above the diagonal) were less interesting that
the results examining only successful subjects (Table 13 – below the diagonal).
Table 13
Pearson Correlation Matrix for Two Groups
Variables
COURSE.PERCENT
GRIT.EFFORT
GRIT.INTEREST
PARTICIPATION

COURSE.
PERCENT

GRIT.
EFFORT

GRIT.
INTEREST

PARTICIPATION

PRETEST

-.203
.078
.491
-.349

-.262
.402
-.138
.165

.246
.382
.190
-.028

-.286
-.334
-.298
-.305

.233
-.437
-.065
.076
-

PRETEST
Note: The results for the subjects that completed the course unsuccessfully (n = 14) are shown above the
diagonal. The results for the subjects that completed the course successfully (n = 23) are shown below the
diagonal.

Upon examining the correlation analysis for subjects that successfully completed the
course (below the diagonal), the same trend as in the first correlation analysis emerged. The
correlation between PARTICIPATION and COURSE.PERCENT was statistically significant
(𝑟𝑝 = .491, 𝑝 < .05), indicating a strong positive relationship between the variables, with a large
effect size (𝑟𝑝 ≈ .5). Based on all of the correlation analyses, the relationship between subject
participation (PARTICIPATION) and their success in the course (COURSE.PERCENT)
emerged as the most prominent.
In turn, it is possible to infer that subjects who dedicate more time to their coursework
(through engagement, participation, studying, and practicing) have a greater likelihood of
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succeeding in the course. This result is supported by numerous studies linking participation to
course success. In 2010, Credé et al. found a strong relationship between attendance and college
grades. Just as the results of the current study suggest, “Class attendance appears to be a better
predictor of college grades than any other known predictor” (Credé et al., 2010, p. 288). A more
recent study by Hodge et al. (2018) revealed a “positive relationship between grit, engagement
and academic productivity” (p. 448). Although the results of this study weren’t consistent with
Hodge’s findings related to grit, they did support his findings regarding a positive relationship
between engagement and academic productivity.

4.4

Summary of the Results

This study aimed to address the following two research questions:
● "Are scores on the Grit-S questionnaire and class participation significant predictors of
success in an online college mathematics course?"
● “Examined pairwise, is there a statistically significant correlation between grit,
participation, and success in an online college mathematics course?”
The first research question was addressed using logistic regression and discriminant
function analyses. The logistic regression analysis was performed multiple times to incorporate
various approaches and variables. The approaches used for the first logistic regression (Logistic
Regression I) included the standard logistic regression analysis with four predictors (GRIT,
PARTICIPATION, PRETEST, and AGE) and one outcome (SUCCESS), as well as a backward
elimination logistic regression analysis on the same variables. The standard logistic regression
analysis comparing the full model with all four predictors against a constant only model was
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statistically significant, 𝜒2 (4, 𝑁 = 59) = 35.57, 𝑝 < .001, indicating that the set of predictors
reliably distinguished between successes and non-successes. Two predictors (PARTICIPATION
and PRETEST) were found to be significant predictors of success. The backward elimination
logistic regression analysis resulted in a reduced model with only two predictors,
PARTICIPATION and PRETEST. The reduced model was statistically reliable, 𝜒2 (2, 𝑁 =
59) = 33.89, 𝑝 < .001, in comparison to the constant only model. Both approaches indicated
that class participation was the most significant predictor of success. However, neither model
found GRIT to be significant. Given the vast amount of literature examining grit using its two
subscales “consistency of interest” and “perseverance of effort” (Bowman, 2015; Datu, 2016;
Fosnacht, 2019; Muenks, 2017), a second logistic regression analysis was performed.
The approaches used for the second logistic regression (Logistic Regression II) included
the standard logistic regression analysis with five predictors (GRIT.EFFORT, GRIT.INTEREST,
PARTICIPATION, PRETEST, and AGE) and one outcome (SUCCESS), as well as a backward
elimination logistic regression analysis on the same variables. The standard logistic regression
analysis comparing the five predictor model to the constant only model was also statistically
significant, 𝜒2 (5, 𝑁 = 59) = 40.32, 𝑝 < .001, indicating that the set of predictors also reliably
distinguished between successes and non-successes. This time three predictors
(PARTICIPATION, PRETEST, and GRIT.EFFORT) were found to be statistically significant
predictors of success. The backward elimination logistic regression analysis resulted in a reduced
model with only three predictors, GRIT.EFFORT, PARTICIPATION and PRETEST. The
reduced model was statistically reliable, 𝜒2 (3, 𝑁 = 59) = 39.08, 𝑝 < .001, in comparison to the
constant only model. Both approaches provided similar results. The main difference between the
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first and second logistic regression analyses turned out to be the variable GRIT.EFFORT, which
was loaded onto the variable GRIT in the first analysis, but examined separately in the second
analysis. The similarities between the two analyses confirmed that the variables
PARTICIPATION and PRETEST were both found to be significant predictors of success.
The last analysis addressing the first research question was the discriminant function
analysis. Discriminant function analysis was used to predict SUCCESS.LEVEL using the
variables GRIT.EFFORT, GRIT.INTEREST, PARTICIPATION, and PRETEST. A quadratic
discriminant analysis helped identify trends for PRETEST and PARTICIPATION, which
indicated that both are influential on subject success. The DFA analysis also confirmed the
results of the logistic regressions analyses, which indicated that student grittiness
(GRIT.EFFORT), prior knowledge (PRETEST), and participation (PARTICIPATION) are
reliable predictors of success.
The second research question was addressed using correlation analyses. Initially, pairwise
correlations were examined for COURSE.PERCENT, GRIT, and PARTICIPATION, which
indicated the correlation between PARTICIPATION and COURSE.PERCENT was statistically
significant (𝑟𝑝 = .564, 𝑝 < .001) with a strong positive relationship between them. Additional
correlation analyses included the variables COURSE.PERCENT, GRIT.EFFORT,
GRIT.INTEREST, PARTICIPATION, and PRETEST. The examination of successful subjects
and all subjects that completed the course led to the identification of the correlation between
PARTICIPATION and COURSE.PERCENT as statistically significant, with a strong positive
relationship.
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In conclusion, the data analyses indicated three distinct variables are influential in
predicting success in online community college mathematics courses. These predictors are
PARTICIPATION, PRETEST, and GRIT.EFFORT.
For both logistic regression analyses, each examining two models (full model and
reduced model), the non-cognitive dispositional predictor PARTICIPATION was consistently
statistically significant at the 𝑝 < .001 level. In the first logistic regression analysis (Logistic
Regression I), the full four predictor model and the reduced two predictor model indicated that
PARTICIPATION was statistically significant at the . 001 level, (z = 3.481, 𝑝 < .001) and (z =
3.931, 𝑝 < .001), respectively. In the second logistic regression analysis (Logistic Regression
II), the full five predictor model and the reduced three predictor model indicated that
PARTICIPATION was also statistically significant at the . 001 level, (z = 3.695, 𝑝 < .001) and
(z = 3.839, 𝑝 < .001), respectively. The follow up quadratic discriminant analysis (Discriminant
Function Analysis) provided a clear disparity in PARTICIPATION among successful and
unsuccessful subjects (see Figure 11). Furthermore, the pairwise correlation analyses showed a
positive correlation between PARTICIPATION and COURSE.PERCENT (𝑟𝑝 = .564, 𝑝 <
.001). To add to that, the initial results of an unpooled two-sample t-test examining the mean
difference in PARTICIPATION across SUCCESS indicated a statistically significant difference
between subjects who were successful in the course (M = 90.043, SD = 57.159) and subjects
who were unsuccessful in the course (M = 23.861, SD = 25.912), t(27.855) = -5.221, p < .001,
with 95% CI (-92.156, -40.209). Overall, the data analyses conclusively showed that
PARTICIPATION was a statistically significant predictor of success in the online college
mathematics courses examined in this study.
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The cognitive predictor measuring prior knowledge, PRETEST, also appeared to be
statistically significant throughout the analyses. The first logistic regression analysis (Logistic
Regression I) indicated PRETEST was a statistically significant predictor for the full four
predictor model, but not statistically significant for the reduced two predictor model, (z = 2.062,
p < .05) and (z = 1.904, p = .057), respectively. Whereas, the second logistic regression (Logistic
Regression II) indicated PRETEST was a statistically significant predictor for both the full five
predictor model and the reduced three predictor model, (z = 2.304, p < .05) and (z = 2.370, p <
.05), respectively. The quadratic discriminant analysis (Discriminant Function Analysis)
indicated a trend of higher PRETEST scores for subjects that successfully completed the course,
compared to those that didn’t. The pairwise correlation analysis that included PRETEST showed
a weak but positive correlation with SUCCESS (𝑟𝑝 = .226, 𝑝 = .085). The results involving
PRETEST were not as convincing as those involving PARTICIPATION, yet sufficient enough
to conclude that prior knowledge is a statistically significant predictor of success, affirming
existing research (Shim et al., 2017).
The non-cognitive dispositional predictor GRIT.EFFORT is the second dispositional
predictor that emerged as statistically significant in predicting achievement in this study.
Although GRIT.EFFORT was not included in the first logistic regression analysis, upon its
inclusion into the second logistic regression analysis (Logistic Regression II), the full five
predictor model and the reduced three predictor model indicated that GRIT.EFFORT was
statistically significant at the . 05 level, (z = 2.125, 𝑝 < .05) and (z = 2.080, 𝑝 < .05),
respectively. Although plenty of existing research already indicates prior knowledge (PRETEST)
as a predictor of achievement, research into the grit subscale Perseverance of Effort
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(GRIT.EFFORT) has not been as extensive. Further in depth studies of grit and its subscales may
shed light on the promising results evident in this study, especially regarding the statistically
significant predictor Perseverance of Effort (GRIT.EFFORT) and its influence on achievement.
This chapter examined the methods used to analyze the data and the key results which
emerged from those analyses. Three variables from this study emerged as statistically significant
predictors of success. The cognitive predictor PRETEST and the two non-cognitive dispositional
predictors PARTICIPATION and GRIT.EFFORT, all materialized to be statistically significant
predictors of success. These variables and the results from this chapter will be discussed further
in Chapter V, along with relevant existing literature and trends in community colleges.
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CHAPTER V: CONCLUSION

This chapter presents a summary of the key findings and discusses the conclusions
drawn, for the study examining predictors of achievement among community college students
taking online mathematics courses. The chapter concludes with the limitations and implications
of this study.
This quantitative non-experimental study was conducted at a Large Urban Community
College (LUCC) in California, where convenience sampling was used to identify two online
sections of Intermediate Algebra mathematics courses. Subject data was obtained through the
college Learning Management System (Canvas), and included subject Grit-S questionnaire
responses, pretest scores, participation hours, age category, course percentage, and course grade.
The data was examined using several logistic regression analyses, a discriminant function
analysis, and pairwise correlation analyses.

5.1

Discussion
Community colleges across the nation have been facing low course success and

graduation rates for some time. This trend is clearly evident in mathematics courses, “Students’
low success rates nationally in mathematics courses are particularly damaging” (Thiel et al.,
2008, p.46). In 2020, the persistent problems many colleges experienced were only compounded
by the pandemic. Miller et al. (2020) indicated the pandemic created a crisis in higher education,
and Lopez et al. (2021) elaborated on the immediate changes caused by the pandemic, including
the shift to “a virtual environment” (p. 4377). This study focused on the issue of low success
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rates in college mathematics, within the new learning environment brought on by the pandemic.
The main research question examined whether scores on the Grit-S questionnaire and class
participation are significant predictors of success. This study also examined the pairwise
correlations amongst the aforementioned variables: grit, participation, and success.
The data collected and analyzed in this study provided a better understanding into which
factors influence achievement in online community college mathematics courses. Logistic
regression was utilized to examine dispositional, situational, and academic predictors of
achievement to identify which have the most impact on student success. Dispositional predictors
within this study included subject grittiness (GRIT, GRIT.EFFORT, and GRIT.INTEREST) and
subject participation (PARTICIPATION), both of which are commonly investigated as noncognitive predictors of success (Beyhan, 2016; Bowman et al., 2015; Credé et al., 2010; Datu et
al., 2015; Duckworth et al., 2007; Duckworth & Quinn, 2009; Fosnacht et al., 2018; Hodge et al.,
2018; Lei et al., 2018; Muenks et al., 2017; Steinmayr et al., 2018). The situational predictor
analyzed in this study was subject age (AGE), or more specifically, whether the subject was a
traditional or a non-traditional college student (Spitzer, 2000). The academic predictor
(PRETEST) in the form of a diagnostic test was also examined in this study, which is one of
many potential predictors used to measure prior knowledge (Baron & Norman, 1992; Shim et al.,
2017).
The results of this study suggest that non-cognitive dispositional predictors
(PARTICIPATION and GRIT.EFFORT) play a statistically significant role in predicting student
achievement. PARTICIPATION immediately emerged as the most influential predictor of
SUCCESS, after an unpooled two-sample t-test indicated a statistically significant mean
difference in PARTICIPATION across SUCCESS. The subsequent logistic regression analyses
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only confirmed this result, where each of the four models evaluated, suggested that
PARTICIPATION was statistically significant at the p < .001 level. Additionally, the quadratic
discriminant analysis (Discriminant Function Analysis) provided a clear disparity in
PARTICIPATION among successful and unsuccessful subjects (Figure 13). Lastly, the pairwise
correlation analysis showed a positive correlation between PARTICIPATION and
COURSE.PERCENT (𝑟𝑝 = .564, 𝑝 < .001), the highest correlation between any pair of
variables in this study. Overall, the data analyses conclusively showed that PARTICIPATION
was a statistically significant predictor of success in the online college mathematics courses
examined in this study.

Figure 13
Box Plots for PARTICIPATION across SUCCESS.LEVEL

Note: Withdrawal = 0, Unsuccessful = 1, and Successful = 2.
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The other non-cognitive predictor, GRIT, was not statistically significant in the logistic
regression analyses. However, upon examining one of GRIT’s subscales, perseverance of effort
(GRIT.EFFORT), two separate models indicated it was statistically significant. Controlling for
the other predictors, the odds ratios for GRIT.EFFORT indicated the odds of succeeding in the
class increase almost six times (for the five predictor model) and four times (for the three
predictor model) for each one-unit increase in GRIT.EFFORT. This result, along with a copious
amount of literature (Bowman et al., 2015; Datu et al., 2015; Fosnacht et al., 2018; Muenks et
al., 2017) identifying only one (perseverance of effort) of GRIT’s two subscales as substantial in
its predictability of success, indicated GRIT.EFFORT is another influential predictor of student
success in community college mathematics courses.
Based on the results of this study and existing literature, future studies should focus on
the perseverance of effort subscale of grit and utilize a much larger sample size. Furthermore, the
responses to the Grit-S questionnaire items comprising the perseverance of effort
(GRIT.EFFORT) subscale of grit (questions 2, 4, 7, and 8), had all followed a similar trend
among the subjects that were ultimately successful, with the exception of question 2 (Setbacks
don’t discourage me). This may warrant a further look into whether this particular question fits
among the others (questions 4, 7, and 8) in identifying a subject’s perseverance of effort. Muenks
et al. (2017) suggested that this question “provided little information” about the subject’s
perseverance of effort, indicating that the item “exhibited a very low and statistically
nonsignificant factor loading (0.09, SE = 0.15)” (p. 609). Fosnacht et al. (2018) also found this
item stood out, “the standardized factor loading for one item (“Setbacks don’t discourage me”)
was extremely low at .10. All other standardized loadings were .59 or greater” (p. 812). This
item was found problematic by many researchers, including Bowman et al. (2015), who choose
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to exclude the item from the analyses altogether. The results of this study in relation to grit are
promising, especially regarding the statistically significant predictor Perseverance of Effort
(GRIT.EFFORT) and its influence on achievement.
Overall, two non-cognitive predictors of success emerged as statistically significant in
this study. The non-cognitive dispositional predictors, PARTICIPATION and GRIT.EFFORT
were both influential in predicting success for the subjects in this sample. The more influential
predictor in this study was conclusively PARTICIPATION, while additional studies into grit and
its subscales may provide further evidence on the magnitude of influence GRIT.EFFORT has on
achievement.
The prevailing results in this study indicate that non-cognitive dispositional variables are
statistically significant predictors of success. Therefore, it would be sensible to assign more
value to dispositional factors in the admissions decision criteria at colleges and universities.
Furthermore, the allocation of more resources for developing and fostering these dispositional
traits can help students currently enrolled in these colleges and universities. If institutions are
able to successfully develop the aforementioned dispositional traits among current students,
while simultaneously appealing to incoming students predisposed to said traits, course success
rates in mathematics and institutional graduation rates are both bound to improve.
The results of this research also support previous studies emphasizing the importance of
prior knowledge (Hailikari et al., 2008; Simion, 2022; Shim et al., 2017), since the cognitive
predictor (PRETEST) was also statistically significant throughout the analyses. Both logistic
regression analyses suggested PRETEST was an influential predictor of course success, while
the quadratic discriminant analysis (Discriminant Function Analysis) showed a trend of higher
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PRETEST scores among subjects that successfully completed the course, compared to those that
didn’t. Furthermore, the pairwise correlation analysis confirmed that PRETEST scores were
positively correlated with SUCCESS.
The only dichotomous predictor examined in this study (AGE) did not appear to be
statistically significant in any of the analyses. However, when examining the full models in the
logistic regression analyses, the odds ratio for AGE was informative. When controlling for the
other predictors, the odds ratios for AGE indicated the odds of succeeding in the class increase
almost 1.365 times (for the four predictor model) and 1.767 times (for the five predictor model)
when comparing traditional students to non-traditional students. In other words, non-traditional
college students (those 25 or older) are 1.365 times (for the four predictor model) and 1.767
times (for the five predictor model) more likely to succeed in this course than traditional students
(those between 18 and 24). This result is often attributed to non-traditional students having more
experience than their classmates (Spitzer, 2000).
For the main research question examining whether scores on the Grit-S questionnaire and
class participation are significant predictors of success, the data suggests that both predictors are
significant. The results are overwhelmingly conclusive regarding the positive influence class
participation has on student success. However, when examining the scores obtained from the
Grit-S questionnaire, the perseverance of effort component rather than the overall grit score,
emerged as a statistically significant predictor. Nevertheless, both the Grit-S questionnaire and
class participation can be utilized in predicting student success in an online community college
mathematics course.
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For the second research question examining pairwise correlations between grit,
participation, and success, the data indicated only participation and success have a strong
positive correlation, whereas grit had a weak negative correlation with both, participation and
success. These results emphasize the importance of encouraging more participation amongst
students, especially given the remote learning setting for online courses. As previous studies
have suggested (Credé et al., 2010; Hodge et al., 2018), attendance, engagement, and
participation are positively correlated with success. Given the large shift to online classes and the
widespread adoption of Learning Management Systems (LMS) like Canvas (Fathema & Akanda,
2020) by colleges and universities, examining participation and its role in online college
mathematics courses should be explored in more depth in future studies.
Although the results of this study indicate that the grit subscale (perseverance of effort),
and prior knowledge both have influence on student success in online college mathematics
courses, the influence attributed to participation is much higher. In turn, colleges can benefit
from further examining Learning Management Systems and how they are used by students to
participation in online mathematics courses. Moreover, colleges may benefit from identifying
additional ways to increase student participation, which based on the data should increase student
success and eventually increase graduation rates. As Credé et al. (2010) indicated “the benefits of
better attendance in college classes are likely to be substantial. Not only are all students likely to
learn more from their classes, but also failure rates are likely to be substantially decreased” (p.
286).
Examining this study through Weiner’s attribution theory may provide some additional
clarity into the results. Weiner (1971) indicated that “ability, effort, task difficulty, and luck” (p.
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4) were the four main perceived causes of achievement, and that “perceived causes of success
and failure share three common properties: locus, stability, and controllability” (p. 548). As
discussed in multiple studies by Weiner (1971, 1979, 1980, 1985, 1991, 2000, 2010), the “locus”
dimension refers to whether a cause is internal or external to the individual. Effort would be
considered internal, since it depends on the individual rather than the environment. The
“stability” dimension classifies causes as stable or unstable. Since effort varies depending on the
situation (an individual may exert a lot of effort in one instance, but choose not to put forth any
effort in another), effort would be classified as unstable. Lastly, the “controllability” dimension
indicates whether a cause is under one’s control or beyond it. Since an individual is in control of
how much effort they choose to apply, effort is regarded as being controllable by the individual.
Throughout the spring 2022 semester in which this study was conducted, subjects chose
how, when, and to what extent they would participate in the class, by accessing the course
content through Canvas. Hence, participation can be classified as internal for the locus
dimension. Since participation varied from one assignment to another based on the amount of
time subjects spent participating in preparation for that assignment, participation is classified as
unstable for the stability dimension. Lastly, each subject was in control of their own
participation, since they willfully choose to access and utilize Canvas for this course. Thus,
participation can be classified as controllable for the controllability dimension.
The similarities effort and participation have across the three dimensions are clear. Both
effort and participation are internal (locus), unstable (stability), and controllable (controllability).
Intuitively, participation is not only similar to effort in its causal dimensions, but participation is
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a form of effort on the part of the individual. Therefore, it’s possible to postulate that effort, in
the form of participation, is one of the main perceived causes of achievement.
Weiner (1979) identified “The three main dimensions [stability, locus, and control],
respectively, are linked to expectancy changes, esteem-related affects, and interpersonal
judgements (Weiner, 1979, p. 18). If a subject perceives course participation as a cause of their
achievement in an online college mathematics course, they may recognize that their participation
corresponds to them as an individual (internal), is modifiable (unstable), and in their control
(controllable).
As an example, a student that does well on an assignment may attribute their success to
their participation prior to and on that assignment. This is likely to result in pride and a boost in
their self-esteem (locus). The student may also experience hope, deducing that continued
participation can lead to similar success on future assignments, given the magnitude of their
participation remains the same or increases (stability). Lastly, when realizing that their
participation is within their control (controllability), a student may gain confidence in themselves
and the subject matter, inspiring further participation in the course. In general, feelings of pride,
hope, and confidence can all serve as motivators, possibly leading to an increase in the intensity
of their participation.
In contrast, a student that fails an assignment may attribute their lack of success to
insufficient participation. This is likely to result in a drop in their self-esteem (locus). However,
the student may still remain hopeful, since participation is unstable (stability), and by increasing
their participation on future assignments, they will simultaneously increase their likelihood of
success. Lastly, since participation is within their control (controllability), a student may
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experience guilt or regret for their insufficient participation on the failed assignment. In turn, this
can motivate the student to increase their participation on future assignments, in order to improve
their likelihood of success. Once again, feelings of hope, as well as guilt can serve as motivators
that may increase the intensity of the student’s participation.
Weiner (1980) examined affect in depth, indicating that “causal beliefs and feelings are
interrelated” within attribution theory (p. 4). Furthermore, he concluded that “feelings are
motivators of behavior” (p. 10). By examining participation through the perspective of Weiner’s
attribution theory, students may undergo what Weiner (2010) refers to as a “motivational
episode: thinking gives rise to feelings which guide action” (p. 34). This theoretical framework
helps clarify why students who attribute their achievement to class participation may be
motivated to invest more time participating in the course in order to succeed.
The emergence of class participation as the most influential and statistically significant
predictor of success, suggests that many of the successful subjects in this study may have
experienced the motivational episode Weiner (2010) discussed. This theory sheds light on the
statistically significant difference in means for PARTICIPATION across SUCCESS, where
subjects who were successful in the course (M = 90.043, SD = 57.159) had significantly higher
participation values then subjects who were unsuccessful in the course (M = 23.861, SD =
25.912), t(27.855) = -5.221, p < .001, with 95% CI (-92.156, -40.209). Reattribution training can
give all students an opportunity to learn about causal ascriptions and their dimensions, which can
positively alter their psychological and behavioral consequences following assignment outcomes.
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5.2

Limitations
While this study contributed to the literature on non-cognitive predictors of achievement

in online community college mathematics courses, several limitations have to be acknowledged.
The three main limitations in this study were a small sample size, a lack of generalizability, and
some deficiencies in the instruments used to obtain the data.
The sample size (n = 59) was a major limitation in this study. Based on the initial four
predictor model with a medium effect size, alpha level (0.05), and power of .80, the a priori
power specified a desired sample size of at least n = 85. Thus, running the logistic regression
using four predictors, and even five predictors for the second logistic regression analysis, limited
the accuracy and predictive power of the analyses. Field (2012) indicates that “you should have
10 cases of data for each predictor in the model, or 15 cases of data per predictor” (pp. 273-274).
Based on the four predictor model, 40 to 60 cases suffice. However, since a five predictor model
was used in the second logistic regression analysis, a more appropriate sample size is between 50
and 75 cases, preferably 75 (if using the 15 cases per predictor rule). Either way, the sample size
(n = 59) in this study was a limitation and larger samples are encouraged for future studies.
Additionally, for the discriminant function analysis, the assumption of an equal number
of cases across groups was not met. Lastly, for the pairwise correlation analyses, additional cases
had to be removed resulting in an even smaller sample of n = 37. Excluding additional cases for
any analysis would have made the sample even smaller, so outliers remained in the analyses,
causing additional limitations. The validity and reliability of the data, analyses, and results of this
study would be greatly improved with a larger sample size. This would also eliminate the
aforementioned limitations.
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Due to the narrow focus of this study and the convenience sampling method used,
generalizability of the results to the entire population of community college students taking
online mathematics courses is impractical. However, the results can be generalized to the course
in which the subjects were enrolled and the college from which the sample was obtained,
Intermediate Algebra courses taught at a Large Urban Community College (LUCC) in
California. It would be beneficial for future studies to include a larger sample containing
participants from a wider range of mathematics sections, varying levels of mathematics courses,
and across institutions by widening the scope of the colleges used in the research. Such future
studies are more likely to be generalizable to the entire target population of community college
students taking online mathematics courses.
Lastly, two of the key predictors investigated in this study are grit and participation. The
instruments used to measure these variables are prone to deficiencies. The Grit-S questionnaire
was the instrument used to obtain the grit scores for the subjects in the study. The Grit-S
questionnaire is a self-report ordinal 5-point survey with a total of 8 items. Paulhus (1991)
suggested that a prevalent issue with self-report measures is a response bias, which he defined as
“a systematic tendency to respond to a range of questionnaire items on some basis other than the
specific item content” (p. 17).
Paulhus also discussed various types of response biases, including socially desirable
responding, “the tendency to give answers that make the responder look good” (p. 17). When
discussing her original Grit-O questionnaire, Duckworth et al. (2007) confirmed Paulhus’s
conclusion, by stating that the Grit-O is “particularly vulnerable to social desirability bias” (p.
1099), due to the self-report nature of the instrument. Even though this study utilized an
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improved version (Grit-S) of the original (Grit-O) questionnaire, because subjects self-reported
their responses, the social desirability bias was still problematic.
Dolnicar (2021) also identified a response bias (response styles), along with other factors
which undermine the validity of 5/7-point “Likert scales”, including the fact that “they generate
unreliable data, capture (cross-cultural) response styles, limit permissible statistical procedures,
and take a long time to answer” (p. 2). Future studies should consider the use of several
instruments to measure grit, or at the very least, use an informant-report version of the
questionnaire to complement the self-report questionnaire (Duckworth & Quinn, 2009).
The other instrument prone to deficiencies measured each subject’s participation during
the semester. Subject participation was measured directly through the college Learning
Management System (LMS), Canvas. Since all subjects included in this study were enrolled in
one of two identical courses and both courses were synchronous and conducted completely
online, all student activities were completed within Canvas.
For the purpose of this study, the participation predictor was initially intended to be a
measurement of subject overall course participation and activity within Canvas. This would
include activities such as: reading the course documents; completing the diagnostic test and the
Grit-S questionnaire; participating in synchronous class meetings and reviewing class notes;
contributing to weekly class discussions and forums; watching instructional videos provided
within Canvas; reviewing assignment directions, rubrics, and examples; regularly checking
course announcements, responding to peers in the weekly discussions, and reviewing other
course content provided in the modules; completing and submitting course assignments, textbook
homework, and tests, along with other formative and summative assessments; and completing
group assignments by collaborating with fellow classmates within group pages, group
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discussions, and class discussions. Fortunately, Canvas already had a built-in measure that
calculated time spent on the majority of these activities, which they call “Total Activity”. Canvas
defined this measure as:
Total Activity [7]—allows you to see how long students interact within a course and
counts page navigation only. Total activity time is displayed in hours:minutes:seconds. If
a user has not yet reached an hour of activity, total activity time is displayed as
minutes:seconds. Total Activity records any time spent viewing course content that
exceeds two minutes. If the time between a new activity and the last completed activity is
under ten minutes, all time between these two events will also be included. Total Activity
does not include group activity or page views for videos that do not include intermediate
page requests, such as a half-hour recorded lecture. (How do I use the, 2022, “View
Users” section)
Therefore, each subject received a participation value based on their total activity at the end of
the semester, as reported by Canvas.
For convenience, during data collection, the participation measure was reported in hours
by rounding each Canvas total activity value to the nearest hour. Although an imperfect
measurement tool and yet to be widely accepted, the Canvas total activity instrument can be
utilized to approximate course participation. When examining if there was any relationship
between achievement and the amount of time a subject invested into their studies, Keller (2019)
used the Canvas total activity hours and indicated that “time spent as recorded by the LMS could
still serve as a proxy for the amount of time a student dedicated to their work” (p. 5). A recent
study by Santos et al. (2021) also relied on the Canvas total activity instrument to “predict
average exam scores during the semester” (p. 2). With the increase in the number of online
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courses due to the pandemic (Hart et al., 2021; Lopez et al., 2021; Miller et al., 2020), LMS data
like the Canvas “total activity” time and other course analytics are likely to become more
prevalent in research.
As the use of LMS analytics is expanding, the instruments measuring and acquiring the
data should be more thoroughly examined and enhanced for accuracy and reliability. Krieter
(2022) noted, “it is problematic if predictions are made about the success or failure of students
with inaccurately calculated estimations” (p. 62), and presented a more accurate approach of
identifying the time spent in a LMS by using “modified online time estimation methods” (p. 55).
Krieter’s exploratory case study provides a promising outlook on the development of more
accurate and reliable methods for measuring student participation (whether students are “Still
There”), when logged into a LMS.
Future studies can avoid these limitations by obtaining a larger sample size which
encompasses a broader spectrum of subjects and colleges, while supplementing the instruments
used in this study with more accurate and reliable ones.

5.3

Implications
This study identified significant predictors of success in online community college

mathematics courses. The implications of these findings may help colleges and universities
attract diverse and highly qualified students, while simultaneously helping develop those
currently enrolled into successful graduates. College administrators and admissions professionals
may find the results of this and similar studies useful in reassessing the criteria used for
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admissions, while college faculty may concurrently develop the skills and qualities shown to be
predictive of success within their courses.
Previous research studies suggesting the inclusion of non-cognitive predictors of success
to supplement existing criteria in the admissions process (Camara & Kimmel, 2005; Schmitt et
al., 2009; Sedlacek, 2013) have altered the way some institutions admit students. Sternberg et al.,
(2012) indicated that “many colleges use holistic admissions practices that take into account
credentials beyond just academic knowledge” (p. 38). This trend has recently increased, as the
ripple effect of the pandemic caused drastic changes in the use of ACT and SAT tests for
admission purposes (Charmatz, 2020; Lorin, 2021; Pellegrino, 2022). As many colleges and
universities consider making ACT and SAT scores optional for prospective applicants, they are
also giving more consideration to the use of non-cognitive predictors to fill that void. A 2021
USC Rossier School of Education blog post by Soika quoted the Executive Director of USC’s
Center for Enrollment Research, Policy and Practice, Lucido, stating that
Colleges and universities are now taking a closer look at ‘student experiences and
elements of student character, such as determination, goal-orientation, self-efficacy,
integrity and empathy to select students and predict their success’ (Soika, 2021)
Other universities, like the California State University system consisting of 23 campuses, are in
the process of overhauling their admissions eligibility criteria after eliminating the use of
admission tests like the ACT and SAT, in undergraduate admission (CSU, 2022; Zinshteyn,
2022). Thus, colleges and universities may be interested in this and similar studies, to ascertain
new and improved factors for their admissions criteria.
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Among the non-cognitive predictors examined in this study, participation proved to be
the most significant in predicting success. Faculty can increase student success by promoting and
fostering participation in their courses. A few ways faculty may increase participation is by
emphasizing its importance, incentivizing it, further linking course content to student interests, or
even regulating it through attendance policies and other means. Additionally, as suggested in
Weiner’s attribution theory, “Attribution intervention or reattribution training” (Weiner, 2010, p.
35) can alter student behavior. Hence, reattribution training is another useful tool for promoting
participation in online community college mathematics courses.
Future studies identifying the optimal method or combination of methods for increasing
student participation are essential. Furthermore, experimental and longitudinal studies examining
how and to what extent participation predicts success in online community college mathematics
courses can help expand on the results of this study.
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Appendix A
Appendix A includes the correspondence confirming the approval to conduct this
research study by the Shawnee State University Institutional Review Board (IRB).
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Appendix B
Appendix B includes the 8-item Grit-S questionnaire (Short Grit Scale) used to obtain
subject grit scores, followed by the 1-item age category question.
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Short Grit Scale
Directions for taking the Grit Scale: Please respond to the following 8 items.
There are no right or wrong answers, so just answer honestly.

1. New ideas and projects sometimes distract me from previous ones.*
□ Very much like me
□ Mostly like me
□ Somewhat like me
□ Not much like me
□ Not like me at all

2. Setbacks don’t discourage me.
□ Very much like me
□ Mostly like me
□ Somewhat like me
□ Not much like me
□ Not like me at all

3. I have been obsessed with a certain idea or project for a short time but later lost interest.*
□ Very much like me
□ Mostly like me
□ Somewhat like me
□ Not much like me
□ Not like me at all

4. I am a hard worker.
□ Very much like me
□ Mostly like me
□ Somewhat like me
□ Not much like me
□ Not like me at all
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5. I often set a goal but later choose to pursue a different one.*
□ Very much like me
□ Mostly like me
□ Somewhat like me
□ Not much like me
□ Not like me at all

6. I have difficulty maintaining my focus on projects that take more than a few months to
complete.*
□ Very much like me
□ Mostly like me
□ Somewhat like me
□ Not much like me
□ Not like me at all

7. I finish whatever I begin.
□ Very much like me
□ Mostly like me
□ Somewhat like me
□ Not much like me
□ Not like me at all

8. I am diligent.
□ Very much like me
□ Mostly like me
□ Somewhat like me
□ Not much like me
□ Not like me at all

Grit Scale citation
Duckworth, A.L, & Quinn, P.D. (2009). Development and validation of the Short Grit
Scale (Grit-S). Journal of Personality Assessment, 91, 166-174.
http://www.sas.upenn.edu/~duckwort/images/Duckworth%20and%20Quinn.pdf
Duckworth, A.L., Peterson, C., Matthews, M.D., & Kelly, D.R. (2007). Grit: Perseverance
and passion for long-term goals. Journal of Personality and Social Psychology, 9, 1087-1101.
http://www.sas.upenn.edu/~duckwort/images/Grit%20JPSP.pdf
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Hello Class!
Thank you for completing the 8-item Grit-S questionnaire. Lastly, please select which category
corresponds to your age.
The three categories are:




Below 18 (anyone who is younger than 18 years old)
18 - 24 (anyone who is between 18 and 24 years old)
25 or Above (anyone who is 25 years old or older)

1. I am:
□ Below 18
□ 18 – 24
□ 25 or Above

Thank you for completing the Grit-S questionnaire and identifying the category for your age.
Please follow the instructions provided in Canvas to scan and submit this three page document.
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