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ABSTRACT 

KIRSTEN J. VANWAGNER 

MIDDLE SCHOOL STUDENT ACADEMIC SUCCESS IN SUPPLEMENTAL 

COURSES: AN EXPLORATORY STUDY 

Under the direction of LUCY BUSH, Ed.D. 

 

The purpose of this study was to explore potential relationships between and 

predictability of self-regulation and demographic variables and academic achievement for 

middle school taking their first supplemental online course.  Participant data from a 

historic data set included 95 middle school students in seventh and eighth grade enrolled 

in their first supplemental online course through their local school district virtual program 

within the state of Georgia.  Using educational data mining and learning analytics, 

demographic, engagement, and performance data from the Fall 2018 semester were 

collected from the local district virtual program student information system (SIS) and 

learning management system (LMS) provider.  A multiple regression analysis was 

used to identify the relationship between demographic, engagement, and performance 

variables.  Results indicated statistically significant correlations between engagement, 

learning environment, and exceptionality (p = .037) as well as gender (p = .045); 

however, there was no statistically significant difference between student academic 

achievement and learning environment.   A second multiple regression analysis run with 

only 89 successful students indicated a statistically significant correlation between 

engagement, learning environment, and ethnicity (p = .026), and results indicated 



 

xv 

a statistically significant difference between effort regulation, learning environment, and 

academic achievement (p = .045).  Also discussed are the implications and limitations of 

the study leading to recommendations for future research.  Findings indicated a need for 

additional exploration within ethnicity and exceptionality groups.  Suggested areas for 

further study also included exploring additional variables such as scheduled work time, 

previous academic achievement, and subject area as well as comparison studies between 

traditional and online courses and qualitative research designs.    



 

 

1 

CHAPTER 1 

INTRODUCTION TO THE STUDY 

Human beings are receptive creatures influenced by the environments in which 

they live.  From birth, society attempts to motivate children to learn and grow.  

Caregivers who desire a specific behavior may use rewards or punishments to motivate a 

child.  Thus, by the time children begin their formal education, their life experience 

between birth and reaching school age has already provided some behavior regulation 

techniques (Deci & Ryan, 1985).   

Educators also create environments to increase desirable behaviors and decrease 

undesirable behaviors.  When students enter a school, they must learn how to function in 

a new environment with new rules and authority figures.  In most cases, students conform 

to the established structure of school and classrooms.  However, if a teacher assumes the 

role of a guide to learning, students can take more control over their learning, ideally 

progressing to a self-regulated, intrinsically motivated learner (Ryan & Deci, 2000; 

Zimmerman & Schunk, 2012).   

As technology advances, educational opportunities have expanded to meet the 

needs of today’s students.  Included in these advancements is the option to enroll in 

distance education classes, which encompass any type of formal learning experience that 

takes place outside of the normal constructs of a face-to-face classroom environment.  

With the ease of access provided by personal devices and the Internet, students are now 
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able to take courses and even complete collegiate degrees without ever stepping foot on a 

school campus as the courses are “more adaptable to the needs and dynamic lifestyles of 

many of today’s students” (Toppin & Toppin, 2016, p. 1576).  Thus, nontraditional 

instructional models, including fully online or blended models, meet the growing needs 

of public, private, and higher education systems.  Many public-school online programs 

and “virtual schools have shifted their focus to [high school] credit recovery as a way to 

provide failing or at-risk students with an alternative to traditional credit recovery 

courses” (Toppin & Toppin, 2016, p. 1578).  However, nontraditional instructional 

models also stay true to the original intent of virtual education, providing opportunities to 

“advanced students who didn’t have access to certain courses in their regular schools” 

(Swan et al., 2015, p. 298).  Essentially, some students choose virtual courses to open 

their schedule at school or recover credit from a previously failed course.  Other students 

use the virtual option to accelerate their learning, which means students take courses 

above their current grade level.  Many talented and gifted students qualify for accelerated 

courses and use online courses to access higher grade-level content (Basham et al., 2013; 

Swan et al., 2015; Toppin & Toppin, 2016).  Thus, students at both ends of the academic 

spectrum may find nontraditional courses an effective way of furthering their education. 

The U.S. Department of Education (n.d.) views the personalization of learning, 

also known as competency-based learning, as a way of improving student achievement.  

As a result, legislation in various states supports student choice options, which means 

students are free to choose how they wish to learn.  State virtual schools, established 

through “legislation or state level agencies, enrolled 523,000 students in supplemental 
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online courses during the 2015-2016 school year (Gemin & Pape, 2017, p. 15).  Senate 

Bill 289 provided Georgia students a choice for learning environments, and many 

elementary, middle, and high schools utilize county- and statewide supplemental virtual 

programs, or the “A la Carte Model . . . to [replace] their traditional coursework with an 

online course” (Basham et al., 2013, p. 54) where “the actual online learning can be 

distributed to any location such as a traditional brick-and-mortar school or an off-site 

location” (p. 54) to meet student needs.  Students may choose to enroll through the state 

virtual school or a virtual program approved through Georgia’s Online Clearinghouse 

(Georgia Department of Education, 2019).   

With these advancements, course options and student enrollments increased, and 

as of 2018, 39 states have added personalized learning initiatives to their Every Student 

Succeeds Act (ESSA) plans (Knowledge Works Foundation, 2018).  Some school 

districts created their own virtual programs to support the online learning needs of their 

students (Gemin & Pape, 2017).  Many school districts implemented one-to-one device 

initiatives, which means each student received their own technology (Keengwe et al., 

2012).  Thus, students within the district no longer encounter restrictions to traditional 

courses due to a lack of technology.   

With this in mind, school personnel must be cognizant of the additional 

responsibilities students face when opting to enroll in supplemental online courses, since 

research suggests that students in online courses often utilize self-regulation more 

frequently than their peers in traditional learning environments (Arbaugh, 2004; Artino & 

Stephens, 2009; Barnard et al., 2009; Bradley et al., 2017; Campbell, 2009; Cho & Shen, 
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2013; Journell, 2010; Lin & Tsai, 2016; Lye et al., 2012; Sansone et al., 2011; Sun & 

Rueda, 2012; Tsai et al., 2013; Waldman et al., 2009; Xu, 2014).  In fully online courses, 

students may work in any setting, so if a room is noisy, and the student is unable to 

concentrate, he or she may decide to move.  However, supplemental courses replace a 

traditional, face-to-face course within students’ schedules, so students receive time during 

their school day to work on their course at school (Staker & Horn, 2012).  Therefore, 

students are essentially assigned a time and location in which they are expected to 

complete their online coursework, which may impact their ability to self-regulate and, 

ultimately, be successful in their virtual course.  If schools will not permit students the 

autonomy to select their most beneficial work environment, teachers and school staff 

need to make conscious decisions when selecting working environments for their virtual 

students. 

Statement of the Problem 

Bandura (1977) argued that cognitive and environmental factors influence 

behavior while behavior influences cognitive and environmental factors, creating a triadic 

model of continuous reciprocal influences.  If this is the case, educators need to ensure 

that students are prepared for the content of a course as well as the learning environment.  

With over 30 states and more than 50% of school districts offering online or blended 

courses (Watson, 2008), some may say that elementary age students are not capable of 

making these self-regulated decisions, but research indicates that children learn to 

regulate their behaviors through vicarious learning as soon as they begin interacting with 

the world (Bandura, 1977).  Therefore, students move to middle school, they have a 
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significant amount of direct and indirect knowledge they can apply to a new educational 

environment.  Students who can regulate their behaviors are more adaptable to new 

challenges; thus, self-regulation appears to be an important component of academic 

achievement in traditional settings (Cleary et al., 2017; Cosmovici et al., 2009; Wang & 

Holcombe, 2010) and nontraditional settings (Bradley et al., 2017; Broadbent, 2017; 

Broadbent & Poon, 2015; Lynch & Dembo, 2004).    

One key factor for self-regulation is autonomy, or volition (Bandura, 1977; 

Schunk, 2016).  Wang (2014) defined autonomy as the “learners’ ability of managing 

their own study, including setting learning objectives, self-monitoring, and self-

evaluation” (p. 1552).  In other words, autonomous students are responsible for all 

aspects of their learning.  However, most schools in the United States institute a preset 

daily schedule, and teachers typically create lesson plans based on state standards with 

students moving through curriculum as cohorts.  With the personalized learning 

movement, students receive one-to-one devices in schools but often do not receive the 

autonomy to use the devices (Basham et al., 2013).  Because they are not free to use the 

technology and utilize it in a setting of their choice, students may lack self-regulation 

skills, which in turn may impact their achievement in virtual coursework.   

Purpose of the Study 

The purpose of this study was to explore the relationship between demographic 

and engagement variables and academic achievement for middle school students taking 

their first supplemental online course.  The reasons for this research are the increased 

availability of online course options for public school students in third through twelfth 
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grades and the U.S. Department of Education’s (n.d.) content-mastery and personalized 

learning initiatives.  Although this research study explored numerous potential predictor 

variables, the focus was student self-regulation via engagement, effort, and learning 

environment.  Supplemental online courses replace face-to-face courses within the 

student’s schedule, so students may not have the autonomy to select when or where they 

complete their work. The learning environments assigned to students during their school 

day may influence student behaviors within their online course.   

Cavanaugh et al. (2004) conducted a meta-analysis of the effects of distance 

education on K-12 student outcomes.  Building on this research, this study focused on 

students enrolled in third through twelfth grades taking their first online course.  

Cavanaugh et al. (2004) determined students in kindergarten through twelfth grade taking 

online courses perform at the same level as their peers in traditional, face-to-face settings.  

This study adds to Cavanaugh et al.’s (2004) research because it investigated 

demographic and engagement variables, such as student age and grade level, and learning 

environment, and their connection to academic achievement of students taking their first 

online course.  Furthermore, this study focused on students enrolled in seventh and eighth 

grades taking their first online course.   

Additionally, this study utilized a large data set to identify potential predictors of 

online student academic achievement that may be generalizable.  This was in line with 

the recommendations of Greene and Hale (2017), who conducted a meta-synthesis of the 

current state of online and blended opportunities available to U.S. elementary and 

secondary students and determined a lack of large-scale data to assist teachers, 
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administrators, and government officials in making pedagogical, practical, and policy 

decisions.   

Finally, Montgomery et al. (2019) investigated self-regulated learning (SRL) 

behaviors at the university level.  Using learning analytics and educational data mining to 

pull data from the learning management system (LMS), Montgomery and colleagues 

(2019) found weak to moderate significant relationships between SRL behaviors and 

academic achievement.  This study built upon Montgomery and colleagues’ (2019) 

research by using learning analytics and educational data mining to explore SRL behavior 

relationships and academic achievement within a middle school population. 

Significance of the Study 

Research in the field of supplemental online courses and students in public 

schools at the middle grades levels needs updating to include the recent expansion of 

state and district online course offerings (Gemin & Pape, 2017) and current legislative 

and policy changes (Etherington, 2017).  Identifying potential predictors for student 

achievement in their first online supplemental course may change how schools schedule 

student courses, establish learning environments within the school, and support students 

throughout the semester.  Additionally, any identified predictor variables may lead to 

readiness indicators, which could potentially inform students, parents, and teachers of 

specific regulatory needs before students enroll in online courses.   

Research Questions 

This study investigated possible connections between student achievement, 

learning environments, and other variables for first-time virtual learners enrolled in 
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supplemental virtual courses.  Utilizing archival data, the researcher accounted for 

gender, age, grade level, scheduled work time, socioeconomic status, and course. 

The research questions for this study were: 

1. Is there a statistically significant correlation between effort regulation, as 

measured by frequency of logins; engagement, as measured by active time; and 

learning environment of students in their first online course? 

2. Is there a statistically significant correlation between gender, age, grade level, 

exceptionality, or race/ethnicity, and academic achievement, as measured by 

student grades, of students in their first online course? 

3. Does a learning environment predict academic achievement, as measured by 

student grades, of students in their first online course? 

4. Which of the following variables or combinations of variables result in the best 

predictive model for highest and lowest degrees of academic achievement, as 

measured by student grades, of students in their first online course: active time in 

school, active time outside of school, frequency of logins in school, frequency of 

logins out of school, gender, age, grade level, exceptionality, and race/ethnicity? 

Historical Framework 

Before 1728, education for lower- and working-class men typically ended after 

primary school and women, regardless of class, received their education at home 

(Anderson & Simpson, 2012; Caruth & Caruth, 2013).  Initially, women enrolled in 

correspondence courses to learn skills, such as shorthand, for future employment (Kentor, 

2015).  With the advent of compulsory education and the spread of colonialism, 
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“countries with large immigrant populations . . . developed forms of education to 

inculcate newcomers into the social, cultural and economic norms of the day” (Sumner, 

2000, p. 274).  In addition to providing educational opportunities to women, vocational 

training emerged to delivery safety instruction to iron workers, railway workers, and 

miners (Casey, 2008).    

During World War I and World War II, distance education allowed soldiers to 

continue their education even when deployed (Sumner, 2000).  Advancement in 

technology expanded distance education options to radio and television broadcasts 

(Anderson & Simpson, 2012; Caruth & Caruth, 2013; Casey, 2008; Sumner, 2000). 

Presently, students use interactive technologies to access content, communicate 

with peers and instructors, and access knowledge using electronic devices and the 

Internet (Anderson & Dron, 2012).  These new technologies make it possible to provide 

students with learning environments customized to the unique needs and preferences of 

each learner (Aoki, 2012).   Online and blended models of instruction are the most recent 

evolutions of distance education.  Students choose to enroll in distance courses for a 

multitude of reasons, as discussed in Chapter 2. 

Theoretical and Conceptual Frameworks 

The foundational theoretical framework for this study is social cognitivism.  

Utilizing this theoretical framework establishes a reciprocal element to human behavior, 

learning and environment.  For example, students in traditional classroom settings engage 

in cognitive processes while situated in a social and physical environment.  If they see a 

peer get out of their seat without asking and that peer receives a reprimand, students learn 
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vicariously through their peer’s experience and the teacher’s reinforcement.  In online 

courses, students may not physically interact with each other, but activities like 

discussion board posts also provide students an opportunity to learn through their peers 

and teacher modeled behaviors, which allow students to adjust their understanding 

through written reinforcement.   

Social Cognitivism 

Bandura (1977) developed the theory of social learning, later known as social 

cognitive theory, to detail how people learn.  Specifically, social cognitive theory 

addresses the continuous reciprocal interaction between people, their behaviors, and their 

environment, direct and indirect learning, the distinction between cognition and behavior, 

and self-regulation processes (Bandura, 1977; Schunk, 2016).  Reciprocal interactions 

refer to the influence personal factors (i.e., emotions and self-efficacy beliefs), behavioral 

factors (i.e., physical action or verbal action), and environmental factors (i.e., other 

people or weather), have on each other.  For example, if a student is cold, he may ask his 

teacher to increase the temperature in the classroom, so in this case, the environment 

influenced behaviors.  Alternatively, if a student is excited and starts dancing in class, his 

behavior may influence the environment, and other students may join in on the dance.   

Self-Regulation 

Perceived self-efficacy and agency are two tenets of social cognitivism, and they 

form the foundation of self-regulation.  Perceived self-efficacy is a person’s belief in his 

or her own capabilities.  In other words, self-efficacy is the level of confidence a person 

has in his or her own knowledge and skills.  Agency is a person’s will to control his or 
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her own destiny (Schunk, 2016).  Without a strong sense of self-efficacy, students lack 

agency.  To self-regulate, people need to believe they can regulate their own behaviors 

and take on the responsibility to regulate those behaviors.  The act of self-regulation also 

reciprocally impacts perceived self-efficacy and agency (Bandura, 1977; Schunk, 2016).   

The social cognitive understanding of self-regulation includes several self-

regulated learning (SRL) strategies.  Zimmerman and Schunk (2012) found:  

[Good self-regulators] set better learning goals, implement more effective 

learning strategies, monitor and assess their goal progress better, establish a more 

productive environment for learning, . . . [seek] assistance more often when . . . 

needed, expend effort and persist better, adjust strategies better, and set more 

effective new goals when present ones . . . [are] complete. (p. 1) 

In other words, students who are good self-regulators are aware of their own cognitive 

processes, understand the end goal, and support their learning as they work to meet their 

goal.  Self-regulated learners continuously monitor and evaluate their progress and alter 

their decisions to better support their learning.  Without self-efficacy and agency, 

students lack the necessary motivation to persist through challenges.    

Perceived self-efficacy and agency are also foundational elements of motivation.  

Motivation instigates action, assists in follow through, and maintains behaviors.  To 

maintain long-term motivation, intrinsically motivated self-regulated learners tend to 

value “the task for its inherent properties rather than its instrumental qualities in gaining 

other outcomes” (Zimmerman & Schunk, 2012, p. 5).  In other words, students value the 
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potential knowledge they may gain from completing a task instead of the score they may 

receive.   

Intrinsically motivated students with high perceptions of self-efficacy and agency 

may still find nontraditional instructional settings challenging.  Students have a minimum 

of five years before entering school for their formal, compulsory education.  Within those 

five years, all children engage with their environment and develop an expectation for 

interaction that peers, parents, and other adults reinforce (Bandura, 1977).  Once students 

have experience in traditional educational settings, it may be difficult to adapt to a new 

learning medium with new expectations for behavior.  With the increased flexibility of 

online courses, students may find they have more autonomy in their online course than in 

their traditional classroom experiences; however, the structure of public-school setting 

may not allow students the opportunity to act autonomously.    

Limitations 

There were numerous limitations and potential limitations to this study: 

• This study used Internet protocol (IP) addresses to determine if students 

accessed their coursework in school or out of school locations.  Beyond the in 

or out of school designation, the environment within those physical locations 

was not specified, and as information was derived from a closed data set, 

social environmental influences were unknown.   

• Although research exists, there is limited research on supplemental learning, 

learning environments, and their impact on middle grade student success; 

however, the researcher utilized an exploratory research design and identified 
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variables of interest based on findings from previous research in the above 

mentioned fields of study. 

• This study explored effort regulation, as measured by frequency of logins, and 

engagement, measured by active time; however, these are only two ways to 

identify and measure self-regulation behaviors in online courses.    

• Although the researcher controlled for experience in online courses, use of 

technology within traditional learning environments may influence student 

behaviors in their first-time online course. 

• A potential limitation to this study is novelty.  This study focused on first-time 

experiences, so the newness of the learning environment may have impacted 

student behavior; however, this threat dissipates over time, and the inclusion 

criteria required a minimum enrollment of 12 weeks (Bracht & Glass, 1968). 

• Low statistical power is another potential limitation.  The researcher 

conducted a power analysis to determine the minimum number of cases for 

the study; however, the cases within specific variables may have influenced 

results (Field, 2013).     

Delimitations 

The findings of this study may only be generalizable to middle school students 

enrolled in their first supplemental online course.  The learning management system 

(LMS) and competency-based model for the district virtual program may also limit 

generalizability.  This study included courses using Georgia Standards of Excellence but 

did not differentiate between content areas or course levels.  Furthermore, the researcher 
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chose to study data from students in one public-school district within the state of Georgia.  

Therefore, the courses and content standards may also limit generalizability. 

Assumptions 

The researcher assumed that all data from the student information system were 

accurate, and by enrolling in the supplemental online course, students made a diligent 

effort to complete their coursework.  The researcher assumed that instructors for the 

virtual courses graded all submitted assignments based on quality of work and all 

reported final grades include score for submitted and unsubmitted tasks.  The researcher 

assumed students had access to technology and the Internet to complete their course.  

Lastly, the researcher assumed data search queries for information were accurate. 

Definition of Key Terms 

The following list provides definitions for key terms and phrases as they apply to 

this study: 

Academic achievement is “a numerical grade or grade point average” (Broadbent 

& Poon, 2015, p. 2) when a learner achieves a specific outcome on instructional tasks and 

assessments.   

A La Carte Model is a model of blended learning that refers to students replacing 

a face-to-face course in their daily school schedule for an online course option.   

Asynchronous refers to the lack of structure and deadlines within an online 

course.  Specifically, there is no set time or place students and instructors need to meet as 

a group (Michalsky et al., 2007).  In other words, “space and time are not barriers” 

(Broadbent, 2017, p. 27). 
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Blended learning, according to Staker and Horn (2012) is: 

 a formal education program in which a student learns at least in part through 

online deliver of content and instruction with some element of student control 

over time, place, path, and/or pace and students complete coursework at least in 

part at a supervised brick-and-mortar location away from home.  (p. 3)   

Most frequently used models include rotation, flex, self-blend/supplemental, and 

enriched-virtual (Staker & Horn, 2012).  This term is often synonymous with hybrid 

learning (Greene & Hale, 2017) and connects to nontraditional learning.  

Brick-and-mortar refers to the physical school building (Toppin & Toppin, 2016).  

This term typically connects with face-to-face and traditional learning.  

Distance education is using technology to allow students to access and engage 

with content from an outside or distance location (Casey, 2008).  Distance education is 

viewed as both a “teaching mode” and “vehicle of instruction” (Casey, 2008, p. 46). 

Face-to-face, according to Caruth and Caruth (2013), refers to courses taught 

when students and instructors are in the same physical space at the same time (also see 

traditional learning).   

Georgia Senate Bill 289 became law in July 2012.  The law, which amends Part 2 

of Article 6 of the Quality Basic Education Act, established guidelines, rules, and 

regulations for how all school districts in the state plan to share information about online 

learning options to students and their parents (S. 289, 2012).  This law provides students 

the choice of taking a course as a traditional, face-to-face course or taking an online 

course.  If students supplement a face-to-face course with an online course, there is no 
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charge to the student.  Students may take an online course from any approved program or 

school provided on the Georgia Online Clearinghouse (S. 289, 2012). 

Learning environment and climate include (a) physical aspects such as size, 

shape, area, natural and artificial light, color, temperature and sound variances, 

furnishings and layout, technology; behavior, such as social interaction between students 

and adults as well as individuals and their learning environment (Ahmad et al., 2017; 

Alfred et al., 2018) and (b) “a composite of variables working together to promote 

learning in a comfortable environment in a classroom” (Farid et al., 2016, p. 789), 

including tangible factors, such as resources, layout, and color, and intangible factors, 

such as rules, sounds, and energy, temperature, air quality, safety, classroom 

management, social interactions, such as behaviors, emotions, and opinions of others 

(Ahmad et al., 2017).  Although studies citied in the literature review may refer to 

different environmental supports, this study did not focus on emotional or social support 

within a learning environment.   

Nontraditional learning, also known as non-formal, occurs in spaces beyond the 

typical classroom setting where learning outcomes are planned, but instruction is highly 

adaptable and learning may require intrinsic motivation (Eshach, 2007). 

Online courses “deliver material entirely online and students interact with 

instructors entirely online” (Caruth & Caruth, 20113, p. 142). 

Online learning grew out of distance education.  Web-based technology, which 

may include asynchronous and synchronous components, provides instruction 

(Broadbent, 2017; Broadbent & Poon, 2015). 
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Self-efficacy is the belief that “one has the power to produce desired effects by 

one’s actions” which “regulate human functioning through cognitive, motivational, 

affective, and decisional processes” (Bandura, 2002, p. 270).  Additionally, self-efficacy 

determines “personal goals and aspirations and shapes the outcomes that people expect 

their efforts to produce” (Bradley et al., 2017, p. 519). 

Self-regulated learners are those who are intrinsically motivated and able to 

efficiently control their own learning by using self-regulated learning strategies.  These 

“active participants of the learning process” (Bradley et al., 2017, p. 518) value learning 

(Artino & Stephens, 2009). 

Self-regulated learning occurs when learners actively engage “metacognitively, 

motivationally, and behaviorally” (Zimmerman, 1990, p. 4) in the learning process 

(Artino & Stephens, 2009).  These strategies may also be referred to as metacognitive and 

resource management strategies (Broadbent, 2017). 

Self-regulated learning strategies are the processes utilized to regulate learning.  

These include planning, setting goals, organizing, self-monitoring and self-evaluating 

throughout a learning experience.  Strategy use is adaptive and continuous (Zimmerman, 

1990).  

Supplemental may be a term used for a specific course or the design of a virtual 

program.  Typically, students enrolled in a traditional school setting supplement a face-

to-face course with an online course (Means et al., 2013).  

Synchronous refers to the structure and deadlines within an online course.  

Students and instructors meet at the same time on a specified day to communicate in real-
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time using technology, such as video conferencing, interactive white boards, discussion 

boards, and teleconferencing (Broadbent, 2017; Wallace, 2009). 

Traditional learning occurs when students and teachers are in the same physical 

location at a specified time for a set duration, engaging in various activities and 

assessments planned and led by the teacher (Broadbent, 2017; Durães, Carneiro, Jiménez, 

& Novais, 2018).  Traditional learning environments are typically classrooms (also see 

face to face). 

Virtual school refers to the online learning options provided by a program, school, 

district, state, or nation in public and private sectors (Davis & Niederhauser, 2007).   

Summary 

The act of learning is a reciprocal process.  Student behavior impacts an 

environment while an environment impacts student behavior.  With the historical 

advancements in technology and distance education, students in primary and secondary 

education have access to online courses to supplement the course offerings and schedule 

restrictions within their brick-and-mortar school.  In supplemental online courses, 

students typically do not socially engage in the online environment; however, since 

students work on their course within physical spaces, the physical and social aspects of 

the learning environment may impact students’ ability to self-regulate and ultimately, 

their academic success.  Although research on SRL in online settings is increasing, there 

is still a lack of research on students in primary and secondary schools and supplemental 

online courses.  
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Chapter 2 provides a detailed historical framework of distance education within 

the United States, as well as the theoretical and conceptual foundations supporting the 

impact of social cognitive self-regulation within nontraditional classroom settings.  The 

chapter also provides an in-depth discussion of findings from previous researchers 

identifying self-regulation and potential predictor variables of student achievement in 

nontraditional courses.  Chapter 3 presents the research design and methodology for this 

proposed study.  Included in the research design is information on data collection and 

analysis methods as well as measures to prevent bias and threats to validity.  Chapter 4 

presents the findings of this investigation, and Chapter 5 offers a discussion of the 

findings, as well as implications and recommendations for future research. 
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CHAPTER 2 

SYNTHESIZED REVIEW OF LITERATURE 

In 2012, the Georgia Senate passed a bill requiring public school districts to offer 

student choice for learning medium: traditional, also known as face-to-face, courses or 

nontraditional, including online or blended, courses.  Thus, there has been a large influx 

in student enrollments for both the state level virtual school and district level virtual 

schools/programs.  The lack of qualified teachers, time, or course availability no longer 

restrict students course options (Durães et al., 2018).  However, student achievement in 

virtual courses often depends on the individual student's ability to self-regulate and the 

influences of their learning environment (Bandura, 1977; Cavanaugh et al., 2004; Ryan & 

Deci, 2000; Schunk, 2016; Zimmerman & Schunk, 2012).  Although they are two 

different elements, social and physical learning environments must work in tandem to 

support student growth and development in learning to support student academic 

achievement (Shaari & Ahmad, 2016).   

The first sections of this chapter establish the purpose of this research study as 

well as the process of conducting the literature review and the inclusion criteria.  The 

next several sections review seminal works and current empirical research on distance 

education, self-regulation, and learning environments in relation to the student learner.  

The literature review begins by identifying and discussing the historical framework for 

distance education, which leads to discussions of the theoretical and conceptual 
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frameworks within traditional and nontraditional instructional models.  Following this is 

a discussion of different variables and their connection with the learner, the learning 

environment, self-regulation, and academic success.  Finally, the review ends with a 

discussion of self-regulation of first-time online students within a blended learning 

environment.  The final section of this chapter summarizes the research and analysis 

presented throughout the literature review.   

Restating the Research Questions 

The research questions for this study were: 

1. Is there a statistically significant correlation between effort regulation, as 

measured by frequency of logins; engagement, as measured by active time; 

and learning environment of students in their first online course? 

2. Is there a statistically significant correlation between gender, age, grade level, 

exceptionality, or race/ethnicity, and academic achievement, as measured by 

student grades, of students in their first online course? 

3. Does a learning environment predict academic achievement, as measured by 

student grades, of students in their first online course? 

4. Which of the following variables or combinations of variables result in the 

best predictive model for highest and lowest degrees of academic 

achievement, as measured by student grades, of students in their first online 

course: active time in school, active time outside of school, frequency of 

logins in school, frequency of logins out of school, gender, age, grade level, 

exceptionality, and race/ethnicity? 
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Conducting the Literature Review 

To prepare for this literature review, the researcher read numerous seminal works 

and more than 400 articles related to distance education, self-regulation, social cognitive 

theory, and learning environments.  Utilizing multiple electronic databases, the researcher 

identified relevant articles on the research topic.  Electronic databases included 

Discovery, Education Full Text (EBSCO), Education (PROQUEST), Education 

Resources Information Center (ERIC), and Journal Storage (JSTOR).  To identify 

relevant literature, the researcher used keywords and phrases as search terms.  After an 

initial search using the research topics as search terms, the researcher identified 

additional key words and phrases within related empirical studies.  Key words and terms 

included: elementary students, secondary students, middle grades, high school, primary, 

education, student, environment, learning, autonomy, engagement, climate, classroom, 

ecological, classroom climate, self-regulation, regulated learning, virtual, online, 

blended, environmental structuring, executive function, learning environment, student 

learning environment, learning space, unstructured environment, structured 

environment, informal environment, formal environment, work space, student autonomy, 

relationship, distance education, distance learning, history, United States, generations, 

social cognitive, social learning, first-time online learner, online learner, virtual learner, 

learning analytics, engagement, qualitative, quantitative, and experiences. In addition to 

the electronic databases, the researcher used the key words and terms while searching the 

Internet through Google, Google Scholar, and Yahoo search engines.  The researcher 

used Google Chrome and Firefox web browsers. 
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Articles were included in this literature review if they met the following criteria: 

• The article was written in or translated to English. 

• The article was published in a peer-reviewed academic journal. 

• The article was published between 2000 and 2019. 

• The article participants were students or teachers. 

• The article content directly connected with one or more of the topics within 

the study. 

• The article was available in full text.   

Although the electronic database search focused on empirical studies, the researcher also 

reviewed news articles, interviews, reports, and editorials or commentaries.  Additionally, 

articles and seminal works pertaining to the historical, theoretical, and conceptual 

framework were not restricted by publication date.   

The researcher attempted to review all current available research on the topic and 

reviewed the titles and abstracts of the articles to identify potential connections to the 

research topic.  The researcher reviewed all identified articles to determine if the content 

of the article was relevant to the research topic and met the criteria for inclusion.  

Additionally, the researcher reviewed the reference list of each qualifying article to 

obtain additional potentially relevant articles.  Reference mining allowed for a deeper 

search within each key word or term.  The researcher kept stringent records of search 

queries and citations by copying search terms and names of data bases into a Word 

document, saved in numerous locations, and included all relevant articles in a reference 

matrix, also saved in numerous locations. 
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Evolution of Distance Education 

At one time, geography played a significant role in education.  The physical 

location of a school often deterred enrollment for students due to inaccessibility.  

Education at a distance provided educational opportunities to many who would otherwise 

not be able to begin, continue, or complete their studies.  Kentor (2015) believed “the 

primary objective of distance education is to create educational opportunities for the 

under-represented and for those without access to a traditional educational institution” (p. 

23).  Distance education, known also as distance learning, encompasses any type of 

formal learning experience that takes place outside of the normal constructs of a face-to-

face classroom environment (Davis & Niederhauser, 2007).  However, through the 

advances in technology, distance education has evolved since its first inception.  

First Generation 

The earliest generation of distance education focused on using “written and 

printed texts and postal services for delivering such texts in the forms of books, 

newspapers, and manuals” (Aoki, 2012, p. 1184).  Instructors mailed their coursework to 

their students, the students completed the coursework and mailed the finished work to 

their instructor, and the instructor reviewed the work for accuracy (Anderson & Simpson, 

2012; Anderson & Dron, 2012; Sumner, 2000).  Situated during the Civil War in the 

United States, the first embodiment of distance education is credited to the Pitman 

Shorthand training program, which offered a stenographic shorthand certificate through 

the United States mail in 1852 (Casey, 2008; Sumner, 2000).  With a vast number of 

soldiers returning home injured or not returning home at all, the end of the Civil War 
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created a new reality for women.  With predominantly female students, the Society to 

Encourage Students at Home opened in 1873 in Boston, while an official Correspondence 

University was established in New York in 1883 (Anderson & Simpson, 2012; Caruth & 

Caruth, 2013; Casey, 2008; Sumner, 2000).  In fact, correspondence courses “basically 

ignored class and geographical boundaries of students” (Caruth & Caruth, 2013, p. 143).  

In addition to providing women with educational options, men of the working class could 

finally have access to educational opportunities.  Correspondence vocational training 

became available in Wilkes-Barre, Pennsylvania, when the Colliery School of Mines 

opened in 1890 to teach mine safety, which evolved into the International 

Correspondence school offering training to iron workers, railway workers, and miners 

(Casey, 2008).  In 1892, the University of Chicago became the first college or university 

to offer distance education courses in the United States (Casey, 2008).   

Students enrolled in correspondence courses due to any number of personal 

barriers, but the need for correspondence courses heightened when the United States 

entered into World War I as servicemen attempted to continue their studies from overseas 

(Kentor, 2015; Sumner, 2000).  Even though the U.S. Postal Service had modernized 

from horses and carriages to airplanes and automobiles, correspondence still included 

significant delays.  However, technology would soon offer a faster instructional delivery 

tool.   

Second Generation 

The second generation of distance education is identified “by the use of radio and 

television as instructional media in addition to print materials” (Aoki, 2012, p. 1184).  
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Instructors still mailed coursework to their students, but this next version of distance 

education incorporated audio and visual elements into instruction (Anderson & Simpson, 

2012; Kentor, 2015; Sumner, 2000).  With the advent of radio, students could listen to 

their instructor, which closely resembled traditional, face-to-face instructional settings.  

The University of Salt Lake City, the University of Wisconsin, and the University of 

Minnesota received educational radio licenses in 1921 with over 200 additional colleges 

receiving licenses between 1918 and 1946.  However, most of the courses were skill-

based, and there was only one college-level course available by 1940 (Casey, 2008). 

Television added a new component to distance education in 1934 as students 

could now see and hear their instructors.  The Instructional Television Fixed Service 

(ITFS), created by the Federal Communications Commission (FCC) in 1963, set aside 20 

channels for explicit educational purposes, which led to the federal creation of the Public 

Broadcasting Service (PBS) in 1969 (Casey, 2008; Kentor, 2015).  In collaboration with 

AT&T, the federal government connected 140 stations across the country to create a 

national public television system airing non-commercial, high quality, educational 

programs (Casey, 2008).  Radio and television allowed access to quality educational 

resources for both distance students and traditional students.  The use of satellites reduced 

the need for instructor or student travel even further as the requirement for wiring became 

unessential.   

Although there are significant differences between the first and second generation 

of distance education, both are considered correspondence study as they provide “a very 

individualized mode of learning that tends to isolate and insulate students from group 
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learning processes” (Sumner, 2000, p. 275).  Instruction was still delivered 

asynchronously, so students and teachers were not able to interact through the one-way 

instructional feed (Anderson & Simpson, 2012; Anderson & Dron, 2012; Sumner, 2000).  

It was not until the third generation of distance education that the advent of computers 

and network servers allowed bidirectional communication.  

Third Generation 

The third generation of distance education added interaction to instruction.  All 

previous generations provided unidirectional instructional content.  This means the 

teacher instructed and the student listened.  There was limited interaction between the 

instructor and the student, and for those courses which included communication, there 

was a significant delay between responses.  The third generation ushered in a new era of 

communication known as “computer-mediated distance education” (Sumner, 2000, p. 

277).  Beginning with the first email in 1978, computers shortened the distance between 

person-to-person responses (Casey, 2008).  In business settings, associates could send 

messages to each other through their network saving considerable time during the 

workday.  These interoffice communications expanded with the development of network 

servers.  If a computer could connect to a server, a person could communicate with 

anyone else on that server regardless of location.  In 1989, the University of Phoenix 

partnered with CompuServe to offer the first remote access to online courses, and the 

World Wide Web, also known as the Internet, debuted in 1991 and further expanded 

communication capabilities (Casey, 2008; Kentor, 2015; Sumner, 2000).  As higher 

speed bandwidths emerged, distance education options through the Internet became a 
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possibility for the general population of the United States.  Virtual, interactive learning 

spaces became optimal learning environments (Anderson & Dron, 2012), only limited 

“by the budget, institutional vision, and course-management software” (Casey, 2008, p. 

48) of a specific institution or business.   

Current Generation 

Modern technology, such as smart phones, laptops, tablets, and WiFi, give 

students a sense of connection regardless of their location.  With easy access to 

technology and the Internet along with high gas prices and low income, many college 

students choose to take online courses in place of traditional, face-to-face courses (Chen 

et al., 2010; Littlejohn et al., 2016).  In fact, students are now able to take courses and 

even complete collegiate degrees without ever stepping foot on a school campus because 

the courses are “more adaptable to the needs and dynamic lifestyles of many of today’s 

students” (Toppin & Toppin, 2016, p. 1576), supporting the belief that physical 

interaction is not an essential factor in education (Aoki, 2012; Kentor, 2015).    

Colleges and universities consistently offer online educational options along with 

traditional face-to-face courses.  Enrollments in higher education online courses are 

growing faster than general enrollments at colleges and universities (Caruth & Caruth, 

2013).  Online course options allow for higher enrollments with fewer faculty supports, 

which includes significant monetary savings, and schools may offer unique or specialized 

courses regardless of enrollment interest (Anderson & Simpson, 2012).   

Currently the U.S. Department of Education (USDOE) promotes competency-

based or personalized learning.  When learning is personalized, students work at their 
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own pace and can move forward once they have demonstrated mastery of the content 

standards (USDOE, n.d.).  Using technology, schools began a one-to-one device 

initiative, which provided all students in sixth through twelfth grades their own electronic 

device and teachers of kindergarten, first, or second grades their own class set of devices 

(Keengwe et al., 2012).   With full class sets or individual devices, teachers can 

incorporate elements of online learning into their traditional, face-to-face classes.  This 

blended learning typically provides instruction online outside of the traditional school 

day, which allows teachers and students to collaborate more frequently during their 

scheduled class session.  Additionally, online courses are now available for high school 

and some middle and elementary school students.   

Both public and for-profit online education programs are available to K-12 

students.  During the 2015-2016 school year, state virtual schools enrolled 523,000 

students, including 4.45% K-5, 11.16% in 6-8, and 84.39% in 9-12, in roughly 935,000 

supplemental courses (Gemin & Pape, 2017).  According to Etherington (2017), five 

states (Michigan, Florida, Virginia, Arkansas, and Alabama) currently require a minimum 

of one credit earned through an online course for graduation (Digital Learning 

Collaborative, 2018).   

The focus of education has also shifted from a national to a global view.  Instead 

of focusing on the sole needs of a community or region, educational reform seeks to 

approach education as it “exists within the larger context, corporate globalization . . . as a 

world system in which powerful, interconnected, stateless corporations nullify national 

boundaries and incorporate whole societies as cost-effective sites of production” 
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(Sumner, 2000, p. 280).  Distance education strove to make knowledge accessible to 

people regardless of gender, race, or economic status, and online education continues to 

provide knowledge to the global population with the added ability to update and add 

information instantaneously.  Although advances in technology increased access to 

education, it is important to note “that none of these generations has been eliminated over 

time, but rather the repertoire of options available to distance education designers and 

learners has increased” (Anderson & Dron, 2012, p. 2). 

21st-Century Forms of Instructional Delivery 

There are two current forms of instructional delivery models in modern public-

school settings: traditional, or face-to-face, instruction and nontraditional, or technology-

enhanced, instruction.  Both models include an instructor, a student, and course content.  

However, each model approaches instruction in different ways. 

Traditional Instruction 

Face-to-face instruction requires students and teachers to be in the same physical 

learning environment at the same time (Caruth & Caruth, 2013).  Within the established 

school structure, teachers provide students access to the mandated curriculum through 

planned lessons.  Students move from one class to the next based on the established class 

periods, and teachers provide curriculum in a preestablished sequence of study 

(Broadbent, 2017; Durães et al., 2018).   

Nontraditional Instruction  

One nontraditional model is online teaching and learning, which utilizes 

technology to deliver some or all curricular instruction (Murphy et al., 2011).  Although 
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it is dependent on the learning management platform, this nontraditional instructional 

model can provide flexibility in sequence of study as well as options for instructional 

support.  There are two main models for online teaching and learning: fully online and 

blended.   

In fully online instructional settings, students have some degree of control over 

their own pace, and they may have some control over time and location (Lim, 2004).  In 

other words, students have some autonomy over when and where they work.  Technology 

delivers all course content, and students have a requirement to attend synchronous 

sessions throughout the day.  Students are not physically in a school building when 

enrolled in a fully online educational program, and learning environments differ based on 

the individual students’ situation. 

In blended instructional settings, students receive some or all instruction through 

technology (Caruth & Caruth, 2013; Greene & Hale, 2017; Toppin & Toppin, 2016).  

The self-blend, also known as A la carte or supplemental, model of blended learning 

allows students to enroll in “one or more courses entirely online to supplement their 

traditional courses and the teacher-of-record is the online teacher” (Staker & Horn, 2012, 

p. 14).  Additionally, students may work on their online courses “either on the brick-and-

mortar campus or off-site” (Staker & Horn, 2012, p. 14).  Thus, students are provided the 

flexibility to work on their online courses either in school or outside of school. 

The instructional models share similarities in design, curriculum, and student 

support; however, each model approaches those elements in a unique way, as seen in 

Table 1.   
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Table 1 

Traditional and Nontraditional Education Comparison 

 Traditional Nontraditional 

Schedule Linear Flexible 

Motivational Support Structured; Routine Self-motivated 

Social Interaction Immediate; Regular Planned; Potentially Regular 

Instruction Synchronous Asynchronous; Synchronous 

Access Restricted Flexible 

Course Options Restricted Flexible; Allows for acceleration 

 

 

While students enrolled in traditional, face-to-face courses have more regular social 

interaction than students in online courses, online courses offer schedule and time 

flexibility in addition to a larger variety of course offerings.  However, it is important for 

students enrolling in an online course to know they may experience challenges as 

traditional and nontraditional learning environments operate differently.  

Current Theoretical Framework for Nontraditional Instructional Methods 

Although the most recent theoretical connection to distance education is 

connectivist, current blended supplemental learning options in the United States are 

predominantly asynchronous (Digital Learning Collaborative, 2019).  In other words, 

most students taking online courses are supplementing a face-to-face course at their 

brick-and-mortar school.   Staker and Horn (2012) determined blended learning requires 

students to complete some of their work in their physical school setting, but students are 

free to work on their courses outside of their physical school setting as well.  Meaning, 
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students enrolled in an asynchronous supplemental course work in two learning 

environments: (a) online course and (b) physical and social space where they take their 

course.  Thus, social cognitivism, not connectivism, helps researchers understand how 

students enrolled in asynchronous blended supplemental courses make meaning from 

their experiences. 

Theoretical Framework: Social Cognitivism 

Bandura (1977) determined learners gain knowledge through observation and 

social interaction, a phenomenon often described in connection with environmental 

influences.  Before Bandura’s (1977) social cognitive theory, researchers believed that 

behavioral learning was a “one-way control process” (p. 6), where either internal drives 

or environmental influences were wholly responsible for behavior.  However, this belief 

did not account for the differences in behavior within various situations.  Bandura (1977) 

argued that cognitive and environmental factors influence behavior while behavior 

influences cognitive and environmental factors, creating a triadic model of continuous 

reciprocal influences (Hidi & Ainley, 2012).  There are three specific types of strategies 

for self-regulation: (a) behavior, (b) environment, and (c) covert processes (Zimmerman, 

1989).  People utilize strategies to manipulate behaviors, environment, and cognitive and 

emotional reactions while continuing to monitor feedback (Zimmerman, 1989).  

The cycle of shared influences is known as reciprocal determinism, which 

Bandura (1977) defined as “continuous reciprocal interaction between personal, 

behavioral, and environmental determinants” (p. 194).  In other words, social learning 

psychological functioning is an infinite cycle of influence between the three factors.  As 
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there are various personal and environmental variables, the situation will influence the 

behavior while the behavior will influence the situation, thus, learning is also dependent 

on interdependent factors.  People learn from direct and indirect experiences (Bandura, 

1977).  Direct experiences are those that an individual personally experiences, while 

indirect experiences are those experienced by others.  By observing modeled behaviors 

and outcomes, a person can learn causal connections between action and consequence.  

Therefore, social cognitive theory utilized modeling and observational learning as 

informational delivery methods (Pajares, 2012).   

Modeling  

All people experience instances of trial-and-error learning, but most learning 

occurs through observation (Bandura, 1977).  Consequently, models teach information 

through physical demonstrations, representative images, and written or spoken 

descriptions.  For example, teachers model lessons, activities, and educational social 

behaviors while parents model language, social norms, and familial social behaviors 

(Reeve et al., 2012).  Depending on a person’s developmental level, models may need to 

vary their delivery method.  So, a person at a lower developmental level may need an 

action and an image while a higher functioning person may only need a written or verbal 

model (Piaget, 1936).   

Traditionally, people could only observe modeled behaviors by venturing into 

their local communities.  In modern times, technology provides instant, global access to 

observable modeled behaviors.  Thus, physical location no longer restricts observations, 
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allowing for the “spreading [of] new ideas and social practices within a society, or from 

one society to another” (Bandura, 1977, p. 50).   

Vicarious or Observational Learning 

According to Bandura (1977), social learning theorists believe that performance is 

not a precursor to learning because humans can learn vicariously and verbally explain 

outcomes without experiencing them.  This vicarious or observational learning progresses 

through four stages: attentional, retention, motor reproduction, and motivational 

processes (Bandura, 1977).  The first stage requires a person to pay attention to what they 

observe to attach meaning.  The second stage is the internal process of moving sensory 

information to working memory.  Individuals will retain behaviors that have positive 

effects from multiple models, but they will continue to alter their behaviors as they 

encounter more people throughout their life.  The third stage imitates the observed 

behavior.  Imitation requires an individual to cognitively select the appropriate actions 

then initiate the behavior while monitoring his or her reenactment.  Finally, the individual 

receives informative feedback to determine if alteration is necessary (Bandura, 1977).  

These stages mirror the subprocesses of self-regulation with McInerney’s (2012) addition 

of motivation to perform the behavior as the final stage.  However, “skills are not 

perfected through observation alone, nor are they developed solely by trial-and-error” 

(Bandura, 1977, p. 28).   A person must gain knowledge through observation and apply 

that knowledge to new experiences for true understanding.   
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Expectancy 

Through direct and indirect learning experiences, people begin to anticipate 

connections and consequences of certain actions in specific environments (Bandura, 

1977; Wigfield et al., 2012; Zimmerman & Schunk, 2012).  In fact, a person may 

experience physiological and affective reactions by anticipating a potential outcome 

(Bandura, 1977).  In other words, a person does not need to act to experience the reaction 

of a behavior.  As an example, a person with test anxiety could become anxious by 

looking at an image of an assessment.  Social response reinforces expectant responses 

learned vicariously.  If you attend a haunted house, you anticipate being scared, but the 

social reactions in that situation help reinforce the emotional response.   

Unfortunately, negative past experiences may create an aggressive response to 

prevent repetition of a previous outcome.  Additionally, a person may incorrectly connect 

coincidental events or may make inappropriate generalizations about behaviors and 

outcomes (Bandura, 1977).  Thus, models should use scaffolding to create learning 

experiences to correct the misinterpreted causal connections of previous events.   

Human Agency 

Agency refers to an individual’s “capacity to exercise control over one’s own 

thought processes, motivation, and action” (Bandura, 1989, p. 1175).  Agency is a part of 

the triadic reciprocal model where “action, cognitive, affective, and other personal 

factors, and environmental events all operate as interacting determinants” (Bandura, 

1989, p. 1175).  Consequently, a person will never have full agency of their cognitive, 

behavioral, emotional, motivational, or environmental factors. 
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Freedom and Determinism   

Building from human agency, Bandura (1977) defined freedom, also referred to 

as self-control and learner-control, in educational settings as “the number of options 

available to people and the right to exercise them” (p. 201).  Learning environments with 

“dysfunctional self-restraints” (Bandura, 1977, p. 201) may alter student opportunities for 

the future.  Determinism, or the solely external forces influencing behavior and thought, 

is compatible with freedom as there is an interconnectivity between personal determinism 

and environmental determinism known as reciprocal determinism (Bandura, 1977).  

Bandura also stated, “People activate and create environments as well as rebut them” (p. 

205).  However, Bandura (1977) advised that people need to structure their environment 

“to elicit appropriate behavior and by creating cognitive aids and self-reinforcing 

consequences to sustain it” (p. 2015).  Society reduces freedoms of individuals and 

groups to ensure that those working against the best interest of society are held 

accountable.  In school settings, students encounter rules and procedures set by classroom 

teachers, schools, and districts which may inhibit their ability to control their learning 

experience.   

Self-Efficacy, Motivation, and Reinforcement  

The initial trigger for motivation is the belief that an individual can increase his or 

her knowledge and successfully engage in a behavior (Dweck & Master, 2012).  Acting 

almost as an incentive, individuals will choose to behave in a specific way when they 

anticipate the outcome of their behavior (Bandura, 1977).  Self-motivation and self-

direction are only possible if an individual possesses self-efficacy.  In fact, Bandura 
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(1989) determined self-efficacy beliefs serve as the foundation for “human motivation, 

affect, and action” (p. 1175).  Self-efficacy strengthens when an individual performs an 

action; therefore, external incentives, or reinforcements, are essential in scaffolding a 

person’s development (Bandura, 1977). 

Reinforcement provides the internal and external influences that support or 

suppress the outcome of an action.  Acting almost as an incentive, individuals will choose 

to behave in a specific way when they anticipate the outcome of their behavior (Bandura, 

1977).  Vicarious reinforcements are also motivating experiences as an individual 

evaluates the value of an action after observing someone else’s outcome.  Reinforcements 

may be tangible items, social reactions, or an increase in personal satisfaction, among 

many others.  However, reinforcements are only effective when the individual values the 

reinforcer (Bandura, 1977; Schunk, 2012).   

Motivation is closely connected to reinforcements.  Cognitive motivation focuses 

on “how behavior is activated and maintained” (Bandura, 1977, p. 160), whereas 

achievement motivation focuses on high personal standards and the personal satisfaction 

gained by reaching goals (Bandura, 1977).  External and internal forms of motivation rely 

on reinforcers to continue a behavior (Bandura, 1977; Zimmerman, 2012).  Individuals 

perceive the outcome of an action as either positive or negative.  This perception 

determines if an individual is motivated to engage or not engage in the behavior.  The 

triadic model factors influence an individual’s motivation and, therefore, cannot be 

generalized (Bandura, 1977; Zimmerman & Schunk, 2012).   
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Learning Environment 

Learning is a process not restrained to school settings.  As Bandura (1977) 

demonstrated, individuals are constantly interacting with their surroundings, which in 

turn influences an individual’s cognition, behavior, and environment (Lippman, 2013).  

In other words, a person may learn in a classroom, on the baseball field, in the mall, or 

while exploring the Internet, and those learning experiences will differ based on the 

person and the environment.  Within each environment, there are social and physical 

factors which influence and are influenced by cognition and behavior.  Extensive 

research on the impact of social environments on student learning exists (i.e., Barbour & 

Hill, 2011; Farid et al., 2016; Jo et al., 2017; Kearney et al., 2016; Lye et al., 2012; 

Thibaut et al., 2015), but there are limited studies identifying the impact of the physical 

environment on student learning (Choi et al., 2014; Kekare, 2015; Sjöblom et al., 2016). 

Physical Learning Environment 

Similar “to the social environment, the physical environment can be seen as either 

facilitating learning and well-being or posing a challenge to them” (Sjöblom et al., 2016, 

p. 18).  Choi and colleagues (2014) defined physical learning environment as the “whole 

range of physical properties of a place where teaching and learning take place” (p. 229), 

which include the “physical characteristics . . . built environment . . . arrangement, and 

thermal conditions . . . natural spaces, and the physical presence of other people” (p. 

229), as well as all sensory input factors.  Thus, the physical learning environment 

includes the building and all elements within and around the school building.   
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Research indicates physical learning environments influence student cognition 

(Choi et al., 2014) and academic achievement (Kekare, 2015).  Sjöblom et al. (2016) 

found “learning environments ha[ve] shown that the physical environment conveys 

assumptions and activates students’ previous assumptions regarding similar 

environments” (p. 20).  Therefore, students already understand the expected behavior 

norms within different classrooms as well as the lunchroom, computer lab, and media 

center.  Student expectancy will motivate and reinforce student behavior within each 

environment (Bandura, 1977).   

Expectancy also applies to environments outside of the school.  For example, 

children learn it is acceptable to speak loudly and run on the playground, but the same 

behavior is not acceptable in a restaurant.  Thus, people learn through experience, 

personal or vicarious, and the outcomes of those behaviors influence future thoughts and 

behaviors within a specific environment.   

Expectations within an environment may also transfer to other similar 

environments (Bandura, 1977).  As an example, children who attend church may 

understand they must be quiet when someone else is speaking.  This behavior may 

transfer to a classroom setting where students must be quiet when the teacher is speaking.  

Therefore, the behavior in one formal environment transfers to another formal 

environment. 

Formal and Informal Learning Environments 

The difference between formal and informal learning environments is structure.  

Formal learning environments are planned spaces where learning occurs within a set 
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order, time, and place.  Informal learning environments are unplanned spaces where 

learning occurs naturally (Eshach, 2007).  Thus, learning environments are dependent on 

the level of autonomy over learning and when and where the learning occurs.  Typically, 

schools are formal learning environments, while locations outside of school are informal 

learning environments (Eshach, 2007).   

Formal learning environment.  Within the United States, compulsory education 

age ranges differ by state.  According to the National Center for Education Statistics 

(2017), the age range for required school attendance spans from age five through 18.  In 

Georgia, students must attend school from age six through age 16, which means students 

attend classes within formal learning environments for a minimum of 10 years.  During 

those 10 years, students follow a structured, preset schedule of classes throughout each 

day.  Each school schedule includes time periods, also known as class periods, where a 

single subject area is the instructional focus for a specific amount of time.  Schedules also 

dictate time for student breaks, class changes, visiting the rest room, and eating lunch. 

In elementary school, administrators typically schedule core subjects, such as 

math and science, during the morning time slots prior to lunch, while high schools do not 

follow a specific scheduling pattern for subject areas (Wile & Shouppe, 2011).  The 

amount of time assigned to a time slot depends on the school or district.  For example, the 

typical high school class period lasts for 50 minutes, but some schools utilize a block 

schedule of 90 minutes for each class period (Dills & Hernández-Julián, 2008).  Students 

enrolled in 50-minute class periods typically meet daily, whereas students enrolled in 90-

minute class periods meet every other day or every day for a single semester instead of 
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the full year (Dills & Hernández-Julián, 2008).  Since schools create schedules prior to 

the beginning of the school year, students are not free to choose the length of a class 

period or the frequency of class meetings.   

Additionally, the state requires specific courses and areas of study for all students 

in kindergarten through twelfth grades.  Consequently, students have few, if any options, 

to select courses based on interest until they reach high school.  Once in high school, 

limitations on class size, schedule openings, course offerings, and graduation 

requirements impact student autonomy over course choice.   

In addition to duration and time of day, schedules also assign a physical learning 

environment.  Typically, students in traditional courses take their classes in classrooms 

with a teacher.  However, there are several types of classrooms in a school building.  

Students may work in classrooms, labs, and libraries, also known as media centers.  Each 

environment includes unique rules, regulations, processes, and procedures while also 

following those already set by the school and district.  

Informal learning environment.  Contrary to formal learning environments, 

informal learning environments are not extrinsically structured, and a key element is 

intrinsic motivation (Eshach, 2007).  Informal environments allow students autonomy 

over where and when they learn, and often, student interest guides the learning 

experience.  Informal environments may include museums, science centers, public 

libraries, or a student’s home, but essentially, informal learning environments can be 

anywhere (Eshach, 2007).  However, it is important to remember not all students are 
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intrinsically self-motivated and may not be able to learn in unstructured settings 

(Bandura, 1977; Zimmerman & Schunk, 2012).   

Learning Environment Comparisons 

Students enrolled in traditional courses typically complete schoolwork at school 

and homework at home.  This differs greatly from students enrolled in nontraditional 

courses, for they may engage with new content at school or at home.  At the college level, 

Barnes et al. (2008) found no statistically significant differences between student 

achievement scores and whether students worked on- or off-campus.  Barbour and Hill 

(2011) found high school students enrolled through a Canadian virtual program generally 

did not use their scheduled asynchronous time during the school day to complete their 

work, but the students actively participated in the synchronous sessions.  However, the 

researchers noted the asynchronous time lacked structure, and students may not have 

assignments to complete or choose to work on those tasks at another time.  Traditional 

students often struggle completing homework at home, which is an informal educational 

environment, as they may lack the ability to independently organize their learning 

environment, monitor their understanding, manage their time, or seek help (Xu, 2013).   

Conceptual Framework 

Self-regulated learning developed to describe the “cognitive, motivational, and 

emotional/affective aspects of learning” (Panadero, 2017, p. 1).  Specifically, students 

actively engage in their learning process and take responsibility for their own learning.  

Self-regulation is “situation-dependent and contextually embedded process based not 

only on individual or intra-psychological processes, but also on social and inter-personal 
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processes” (Lin & Tsai, 2016, p. 29).  Zimmerman (1989) identified the ability for 

students to self-regulate dependent on “their knowledge of strategies . . . [and] 

metacognitive decision-making processes and performance outcomes” (p. 332).  Self-

regulated learners tend to exude confidence and a sense of awareness of their own 

knowledge and skill set.  Additionally, self-regulated learners can identify challenges and 

create a plan to overcome those challenges.  Learners “plan, set goals, organize, self-

monitor, and self-evaluate at various points during the process of acquisition” 

(Zimmerman, 1990, pp. 4-5).   

In an educational context, researchers defined self-regulated learning (SRL) as the 

individual and internal process of thinking, feeling, and acting to reach a self-determined 

goal (Bandura, 1977; McInerney, 2012; Roll & Winne, 2015).  Bandura (1977) used the 

term self-regulation in place of self-reinforcement, which adds self-controlled rewards 

for reaching a goal as a reinforcement and behavior element to SRL.  Sharing stories and 

experiences allow others to learn vicariously, thus allowing the opportunity for other 

individuals to learn from one another’s mistakes.  People who can reflect on the 

experience of others and adjust their behavior on the outcome of the observed 

experiences use those lessons to regulate their own behavior.   

Building upon Bandura’s triadic model and Zimmerman’s (1989) Triadic 

Analysis of SRL, Zimmerman and Schunk’s (2012) Cyclical Phases Model provides a 

framework for metacognitive and motivational processes.  The social cognitive model of 

self-regulation recognizes three phases to self-regulated learning: forethought, 

performance, and self-reflection (Bandura, 1977; McInerney, 2012; Zimmerman, 2012).  
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The forethought phase includes assigning value to tasks and personal motivational 

beliefs.  The performance, or volitional, phase engages in the plan of action while 

simultaneously monitoring progress (Corno, 2012).  The self-reflection phase engages in 

self-judgement and self-reaction (McInerney, 2012; Pajares, 2012; Zimmerman, 2012). 

Engagement 

Wang and Holcombe (2010) defined engagement “as a multidimensional 

construct composed of three components: behaviors, emotions, and cognitions . . . 

dynamically interrelated within individuals and are not isolated processes” (p. 634).  

Behavioral engagement focuses on what students do with or toward their learning 

experiences, which may include their attendance and work completion.  Emotional 

engagement refers to student school identity and affect within or about the school.  

Cognitive engagement focuses on SRL use and application to learning experiences, and 

“numerous studies indicate that the use of self-regulatory strategies improves learning 

achievement” (Wang & Holcombe, 2010, p. 638).   

Additionally, although not a part of the three foundational forms of engagement, 

environment engagement adds context.  Corno and Mandinach (2004) determined 

students and their school learning environments have “an ecological ‘fit’ between student 

and situation—a person and environment wrapping together that surpasses either the 

student or the task set apart” (p. 307), which supports Wang and Holcombe’s (2010) 

findings of current research suggesting “that the social, instructional, and organizational 

climate of schools influences both students’ engagement and their academic 

achievement” (p. 634).  Internal and external distractions may influence engagement.  
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Students working from home encounter “inevitable distractions present in home 

environments—intrusive siblings, media, or dinnertime bustle” (Corno & Mandinach, 

2004, p. 311).  However, there is limited research focusing on learning environment and 

student engagement and their correlation to—and possible causality of—academic 

achievement (Wang & Holcombe, 2010).  Research indicates students who utilize self-

regulation strategies and structured processes and procedures are more successful, which, 

essentially, supports structured learning environments such as classrooms and the school 

schedule (Corno & Mandinach, 2004; Wang & Holcombe, 2010).   

Self-Regulation Strategies 

Zimmerman and Moylan (2009) adapted the Cyclical Phases Model of SRL by 

adding specific categories within each phase, as seen in Figure 1.  There are six main 

categories of self-regulation strategies: (a) task analysis, (b) self-motivation beliefs (c) 

self-control, (d) self-observation, (e) self-judgment, and (f) self-reaction (Corno, 2012; 

Fryer & Elliot, 2012; McInerney, 2012; Newman, 2012; Zimmerman, 2012; Zimmerman 

& Moylan, 2009).  During the forethought phase, learners analyze their task and self-

motivation beliefs, and set goals.  In the performance phase, learners manage their self-

control, including selecting task strategies, managing their time, structuring their learning 

environment, and asking for help, through self-observation.  Finally, the self-reflective 

phase requires learners to evaluate their progress, understand the cause of the 

performance, and evaluate and adjust task strategies (Schunk, 2012).  Akin to the 

reciprocal nature of social cognitive theory, SRL requires continuous planning, practice, 
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and evaluation.  However, continuous action and thought requires a high sense of self-

efficacy, internal or external motivation, and some form of reinforcement. 

 

 

Figure 1. Current version: Cyclical phases model (Zimmerman and Moylan, 2009). 

 

 

Self-Regulation and Academic Achievement 

Achievement in academics may have multiple meanings.  To some, achievement 

may mean passing a course.  Others describe achievement as understanding information, 

making progress, or feeling a sense of accomplishment.  Regardless of how achievement 

is interpreted, self-regulation is closely connected to academic success.  Students who use 

SRL strategies have the potential to increase levels of achievement in their courses 

whether they are at-risk (Cleary et al., 2017), low achievers (Cosmovici et al., 2009), or 
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high achievers (Cosmovici et al., 2009; Swan et al., 2015).  In fact, SRL strategies used in 

educational settings are continually connected to academic and behavioral success in 

secondary (Dembo & Eaton, 2000) and college and university (Lemberger & Krauss, 

2013) levels.  

In addition, a student’s ability to regulate their emotions may also impact 

academic success.  Kim et al. (2015) investigated the impact of achievement emotion on 

high school student self-efficacy and self-regulation as predictors of academic success.  

Without achievement emotions, the researchers found self-efficacy as a statistically 

significant predictor of academic success.  However, once the researchers added 

achievement emotions as a factor, anger, boredom, and enjoyment became the only 

statistically significant predictors of academic achievement (Kim et al., 2015).   

Furthermore, students must feel safe and connected to their environment to be 

successful.  Research supports, regardless of instructional setting, student perceptions of 

their environment may also impact academic achievement (Wang & Holcombe, 2010).  

These findings support Bandura’s (1977) reciprocal influences of motivation, emotions, 

and environment, but additional research is necessary to investigate the potential impact 

of SRL and academic achievement on elementary, middle, and additional high school 

students enrolled in nontraditional courses. 

Child Development and Self-Regulated Learning 

In the context of this study, child development refers to the level of cognitive 

ability a student possesses to self-regulate.  Using Bandura’s (1977) social cognitive 

theory as a foundation, self-regulation develops through reciprocal interactions and 
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vicarious experiences.  Individual personality is the “give and take between biologically 

based tendencies toward emotional and motor reactivity and the regulation of this 

reactivity through approach and withdrawal behavioral strategies and through attention” 

(Blair & Raver, 2015, p. 714).  In other words, a child’s personality is based on their 

continuous emotional and physical responses to their environment and how they manage 

those responses.  Thus, self-regulation using executive functions begins to develop when 

children are infants, and it continues to develop as children mature (Blair & Raver, 2015).  

Children begin to develop self-regulatory skills in early childhood, but they typically 

require external assistance to support those skills (Blair & Raver, 2015; Finch & 

Obradović, 2017).  It is important to note child development is an individual process, and 

although all children progress through developmental stages, there is no predetermined 

amount of time a child remains in a specific stage (Blair & Raver, 2015).  Additionally, 

there are no predetermined sets of skills acquired within specific developmental stages 

(Blair & Raver, 2015). 

Executive functions are the “higher-order cognitive processes . . . that allow 

children to regulate their behavior, attention, and emotions” (Finch & Obradović, 2017, 

p. 184).  Existing research connects executive functions and academic achievement 

through acquiring content knowledge and adaptive skill sets (Finch & Obradović, 2017).  

At the elementary school level, children in pre-kindergarten through fifth grade encounter 

academic and social challenges, which give them opportunities to use their executive 

functions.  As students mature, teachers and parents alter their expectations of learner-

control.  For example, the expectations for students in upper-elementary school are to 
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attend to instructions, work with their classmates, and regulate their behavioral and 

emotional reactions to their environment.  However, it is important to note self-regulation 

is a skill set which builds over time.  This means, students in elementary school will not 

have the same SRL abilities as students in middle or high school.   

In upper-elementary, middle, and high school, biological changes also may 

impact student ability to self-regulate.  When student hormone levels rise or students 

become stressed or overwhelmed, executive functions shut down (Blair & Raver, 2015).  

On the other hand, unchallenged students never have a reason to use their executive 

functions.  Thus, it is important for educational environments to provide learning 

experiences with an appropriate level of complexity.  Additionally, teachers must be 

cognizant of appropriate levels of student support.  However, as students mature, teachers 

will provide less structure and support for self-regulation.  Early elementary students 

typically encounter a controlled learning environment where teachers provide many 

opportunities for student autonomy, otherwise known as volition, while teachers of upper 

elementary students permit even more opportunities for student choice.  In middle school, 

teachers expect students to have some academic autonomy; however, with more focused 

curricular needs, learning environments in middle and high school settings do not always 

support student volition (Bandura, 1977; Martinek et al., 2016).   

Research on self-regulation and development indicates executive functioning 

skills, such as planning, start to change before children reach school age, and changes 

continue to occur through adolescence into early adulthood.  The largest gains occur 

during early childhood where skills supporting self-regulation increase rapidly (Montroy 
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et al., 2016).   This rapid growth matches Piaget’s (1936) four stages of cognitive 

development.  Students begin school in the preoperational stage, ages 2 to 7, where they 

use words and images to explain their understanding of the world, and they start to move 

beyond sensory connection and physical action.  As students mature, they move into the 

concrete operational stage, ages 7 to 11, where students engage in logical reasoning and 

classification, but they still cannot understand abstract ideas like time and space 

independently.  Between ages 12 and 15 into adulthood, students enter the formal 

operational stage where they learn how to think abstractly and use deductive reasoning.  

Thus, all humans progress through stages of development where their cognitive abilities 

change as they mature.  Although Piaget (1936) provided age ranges for each stage, all 

people develop at their own rate, and his age ranges may or may not coincide with 

individual student cognitive development.  Adults set the foundation for a child’s 

perception of positive and negative connections between behaviors and consequences.  

With repetition, the child learns to reward or punish themselves based on the value of 

expectations and behaviors (Bandura, 1977).   

Self-Regulation and Nontraditional Instructional Models 

Extensive research supports the significant effects of self-regulation within 

traditional instructional settings (Barnard et al., 2009; Broadbent & Poon, 2015; Fung et 

al., 2014); however, the physical presence of the teacher within the learning environment 

plays a key role in supporting SRL.  Within online and blended instructional models, 

teachers support their students through technology.  Research suggests “instructional 

situations involving the use of technological tools are expected [to] affect the cognitive 



52 

 

self-regulation of students and their use of cognitive learning strategies” (Lin & Tsai, 

2016, p. 29).  However, the separation between teacher and student shifts a significant 

amount of responsibility for learning from the teacher to the student.  To some degree, 

students must be able to regulate their effort and social interaction, as well as apply their 

metacognitive skills to their courses (Cho & Shen, 2013).  To do this, students must have 

a strong sense of academic self-efficacy.  Therefore, student self-regulation is an essential 

and critical component of achievement in an online or blended course (Barnard et al., 

2009; Kirmizi, 2013).    

University level.  Several studies within the United States indicated a direct 

correlation between self-regulation elements and student achievement or satisfaction.  

Cho and Shen (2013) found successful online learners at the university level tended to 

have higher levels of intrinsic goal-orientation.  The researchers also noted a positive 

correlation between academic efficacy and self-regulation, and self-regulation and 

academic achievement (Cho & Shen, 2013).  In addition, Artino and Stephens (2009) 

discovered undergraduate students procrastinated more frequently with less critical 

thinking and higher task value when compared to graduate students. 

Although Sansone et al. (2011) focused on the motivational and engagement 

aspects of self-regulation, they found supporting goals defined motivation—another way 

of stating Bandura’s value or expectancy learning—directly correlated with higher levels 

of engagement, which directly correlated with higher levels of academic success.  

Similarly, Sun and Rueda (2012) reported significant correlations between undergraduate 

student self-reported situational interest and self-regulation with different types of 
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engagement.  Within the study, students who reported higher levels of situational interest 

and self-regulation also had higher levels of behavioral and cognitive engagement, along 

with slightly higher levels of emotional engagement when compared to students who 

reported lower levels of situational interest and self-regulation (Sun & Rueda, 2012).   

To study the impact on student motivation, Littlejohn et al. (2016) investigated 

student motivation and self-regulation when enrolled in massive open online courses 

(MOOCs).  The researchers utilized an adapted version of the SRL MOOC Questionnaire 

(SRLMQ) to survey 788 students, and from those surveyed students, selected 32 to 

interview.  Although the study took place at a U.S. university, students from other 

countries enrolled in the MOOC, and the 32 interviewers included students from 16 

different countries.  Findings suggested students self-reporting high levels of SRL had 

higher levels of goal-orientation and intrinsic motivation, which connected to the 

student’s purpose for enrolling, increasing their knowledge and experience.  Littlejohn et 

al. (2016) also found students with higher-levels of goal-orientation had more flexibility 

with their task strategies and reported higher levels of student satisfaction.    

Outside of the United States, researchers also saw an impact of student levels of 

self-regulation and their achievement and satisfaction within online courses.  Usta (2011) 

surveyed 169 undergraduate students at a university in Turkey.  All students reported 

high levels of goal setting, environment structuring, task strategies, time management, 

help seeking, and overall self-regulation.  Additionally, findings suggested a positive, 

significant correlation between high levels of SRL and positive student attitudes toward 
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the Internet and technology.  Both findings support the reciprocal effect of SRL in online 

environments.   

Similarly, Kirmizi (2013) focused on Turkish university student self-regulation 

strategies that included goal orientation, physical and social environment management, 

time management, help seeking, self-evaluation, and metacognitive self-regulation; 

however, this study investigated student self-perceptions of individual SRL strategies 

within a nontraditional learning environment.  Although many studies utilized surveys, 

Kirmizi (2013) utilized the Online Self-Regulated Learning Scale (OSLQ), which 

explicitly states the strategy as the category name for a set of questions.  Thus, the survey 

instrument provided a contextual focus of each question.  Results indicated distance 

education students perceive themselves as highly successful in goal setting and 

metacognitive regulation but only moderately successful in the other four SRL categories.  

However, all 74 participants reported utilizing each of the SRL strategies when taking 

their online courses (Kirmizi, 2013).  

Finally, Broadbent and Poon (2015) conducted a systematic review of self-

regulated learning studies focusing on academic achievement in higher education online 

courses.  The review included 12 empirical studies between 2007 and 2013.  Within those 

six years, research studies investigated the connection between nine SRL strategies and 

academic achievement.  Findings indicated metacognition, time management, effort 

regulation, and critical thinking have a significant effect on academic achievement, which 

suggest students in online courses who use these fours strategies may be more likely of 

achievement in an online course (Broadbent & Poon, 2015).  
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K-12 levels.  Although research in elementary, middle, and high school settings is 

sparser than that at the postsecondary level, there are national and international studies 

supporting the connection between self-regulated learning and online or blended 

instructional models.   The current research spans kindergarten through twelfth grades 

and includes students age 5 to 21.  However, most studies included students in fifth 

through twelfth grades. 

Focusing on elementary students in Singapore, Sha et al. (2012) investigated self-

regulation and student achievement of students in Primary 4, which equates to fifth grade 

in the United States with students aged 9 to 10 years old.  Findings indicated student 

motivation is directly connected to the level of student metacognitive and behavioral 

engagement.  Sha et al. (2012) also found student perception of parental support of 

autonomy directly connected to student motivation to learn as well as student self-

regulated learning behavior. 

At the middle grades level, Campbell (2009) explored student perspectives using 

technology to support self-regulated learning.  Twenty male students in Year 8, which is 

the Australian equivalent to eighth or ninth grade in the United States with students 

ranging from 11 ½ to 13 years old, used an online journaling program to set goals and 

self-evaluate.  Students reported a stronger sense of goals and accomplishments as well as 

a sense of safety because each journal required password authentication to view entries 

(Campbell, 2009).  

 Likewise, in Germany, Dresel and Haugwitz (2008) investigated sixth grade 

student motivation and self-regulated learning using a computer-based program.  The 
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researchers utilized two treatment groups and a control group within their quasi-

experimental study.  The first treatment group received feedback within a computer 

program, the second treatment received feedback and self-regulation training, and the 

control group received neither treatment.  Students in both treatment groups demonstrated 

an immediate change in motivation and maintained a higher level of motivation for the 

remainder of the study.  Data also indicated a higher level of metacognitive strategy use 

from the students receiving feedback and self-regulation training from the computer 

program, and these students utilized goal setting, planning, and self-monitoring during 

activities.  Thus, instruction and feedback through technology may support, and 

potentially increase, motivation levels of students in middle school, and specific self-

regulation support within an online environment may support self-regulation strategy use 

with students in middle school (Dresel & Haugwitz, 2008).   

Within the United States, Swan et al. (2015) investigated the impact of a flipped 

blended model on gifted and talented students within a middle school.  Students utilized a 

virtual learning lab (VLL) to provide content and instruction for 11 different courses, 

including science, foreign language, mathematics, history, and computing.  The study 

reported a 100% success rate for students enrolled through the VLL.  Additionally, 

students demonstrated higher levels of organization, persistence, motivation, 

interpersonal and collaboration skills, critical thinking and problem-solving skills, written 

and verbal communication skills, and curiosity and creativity.  Student perceptions of the 

VLL experience included finding learning more challenging due to longer lessons, higher 

levels of independent work, and less explicit instructions.  However, some students stated 
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they enjoyed being with other VLL students as it gave additional opportunities for the 

gifted and talented students to interact (Swan et al., 2015).   

At the high school level, Kim et al. (2015) investigated motivation, regulation, 

and engagement in 100 students enrolled in asynchronous online mathematics courses.  

Supported by the state virtual program, students took their courses fully online or as a 

supplemental—otherwise known as an a la carte—course at their local school.  To 

measure motivation, regulation, and cognitive engagement, the researchers surveyed 

students three times over the length of the course using the Motivated Strategies for 

Learning Questionnaire (MSLQ).  Findings indicated a correlation between effort 

regulation and student achievement.  Additionally, Kim et al. (2015) reported a steady 

decrease in metacognitive regulation throughout the semester for both high- and low-

performing students, and high-performing students had high levels of self-efficacy they 

maintained throughout the semester, whereas low-performing students had low levels of 

self-efficacy that decreased during the semester.  Although Kim et al. (2015) provided 

statistics on student race, gender, age, and subject-area experience, data analysis focused 

specifically on level of achievement and survey results. 

In 2014, Karich et al. updated a meta-analysis of learner-control and technology 

in educational settings.  Although learner-control is not a term utilized specifically within 

self-regulation, it refers to students’ level of autonomy over their own learning 

experiences, which may include determining what they will learn, when they will learn, 

and how they will learn.  After analyzing 18 studies, Karich et al. (2014) determined 

students enrolled in kindergarten through twelfth grade with autonomy over instructional 
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strategies had a larger effect size when compared to adult students, but overall, the effect 

sizes for student achievement with and without technology were not significant.  

However, this study specifically focused on traditional classes utilizing technology.  

Furthermore, the studies that incorporated data on behavioral elements had stronger effect 

sizes than did those focused only on academic elements (Karich et al., 2014).  As self-

regulation includes cognitive, behavioral, and environmental elements, additional 

research is necessary to determine the effect of learner-control in non-traditional settings.  

Self-Regulation and Academic Achievement in Nontraditional Settings 

SRL strategy use may predict student achievement in online and blended settings.  

Broadbent (2017) found students enrolled in online courses utilized SRL strategies more 

frequently than those students in blended courses.  Specifically, “Time management and 

effort regulation strategies . . . were found to positively influence [the] grades” of online 

students (Broadbent, 2017, p. 29), while “elaboration, organization, and metacognition 

strategies” (p. 29) positively influenced the grades of blended students.  These findings 

support existing research on online education that identifies a statistically significant 

connection between metacognitive regulation and academic achievement (Broadbent & 

Poon, 2015) and high self-efficacy and positive self-regulation behaviors as strong 

predictors of academic achievement (Bradley et al., 2017; Inan et al., 2016; Lynch & 

Dembo, 2004).   

The types of students enrolling in online courses have shifted to match the diverse 

and inclusive nature of student populations within U.S. classrooms (Hartnett, St. George, 

& Dron, 2011).   Utilizing technology may bolster student engagement and mastery of 



59 

 

learning outcomes (Chen et al., 2010).   Those students who successfully master their 

learning content share “high levels of self-regulation, self-discipline, and a related suite 

of metacognitive skills” (Xu & Jaggars, 2014, p. 634).  According to Lin and Tsai (2016), 

self-regulation “has a significant positive correlation with academic achievement in e-

learning” (p. 29), and it “is a crucial factor in successful online learning” (p. 29).  Within 

alternative learning environments, like blended or fully online models, students accept 

more responsibility for their own learning.  However, students with previous higher 

levels of academic achievement typically have an easier transition to nontraditional 

courses when compared to students with limited previous academic achievement (Asarta 

& Schmidt, 2017). 

Educational Data Mining within a Learning Management System 

Data mining refers to using technology to “discover novel and potentially useful 

information in large amounts of unstructured data”, “find patterns and then build 

predictive models . . . [to] predict an outcome” (Bienkowski et al., 2012, p. 19).  Learning 

analytics (LA) is “the measurement, collection, analysis and reporting of data about 

learners and their contexts for purposes of understanding and optimizing learning and the 

environments in which it occurs” (Siemens et al., 2011).  Thus, educational data mining 

attempts to identify new patterns within the data and create new models while learning 

analytics (LA) applies existing models to new data.   

Working in a learning management system (LMS) provides a vast amount of data 

regarding student behavior within an online course.  Every time a student engages with 

an online course, the LMS creates a data point; researchers refer to multiple data points as 
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trace data (Saint, 2018).  These trace data provide “observable indicators about cognition 

that students create as they engage in a task” (Cicchinelli et al., 2018, p. 191).   

Although each LMS collects different types of data, each platform provides 

indicators in three categories: (a) demographic, (b) engagement, and (c) performance 

(Hung et al., 2012; Jo et al., 2016; Li et al., 2018).  Demographic data include student 

information, such as gender, age, and ethnicity.  Engagement data include information on 

student behavior, such as the frequency of student logins into the course, the duration of 

those logins, and the work completed during that active time.  Performance data include 

information on student course outcomes, such as scores on assignments and assessments 

as well as the final score for the course.  Current research using LMS trace data suggests 

the level of student engagement correlates to student achievement levels (Cho & Kim, 

2013; Li et al., 2018; Lowes et al., 2015).  In other words, students with higher levels of 

activity within a course typically have higher end-of-course (EOC) grades.   

 

 

Figure 2. LMS variables for data mining. 

 

 

As previously discussed, demographic information may influence student 

achievement, use of self-regulation strategies, and ultimately, the level of student 
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academic achievement.  It is also clear that EOC grades are a widely used measure of 

academic achievement in both traditional and nontraditional courses.  Although not 

explicit, engagement data connect to the foundations of both social cognitive theory and 

self-regulation.  When students participate in an online activity or task, the action 

represents the students’ engagement in the learning experience.  Researchers view this 

engagement as an aspect of self-regulation (Jo et al., 2016).   

SRL Connection to Trace Engagement Data 

LMS data include many pieces of information.  When a student logs into the 

course, the login has a time stamp indicating the date and time the student accessed the 

course.  Some LMSs provide detailed information regarding the exact time and activity 

within that one login.  Researchers have connected the frequency of logins, active time 

within a course, and assignments completed with engagement and the performance phase 

of self-regulation.  In their study, Jo and colleagues (2016) separated engagement into 

time-management strategies where total login time represented the prioritization of tasks 

and level of active participation, and frequency of logins represented persistence and 

planning.  Similarly, Lee and Recker (2017) separated engagement into time 

management, which represented active time, and effort management, which represented 

frequency of logins.  Li et al. (2018) added anti-procrastination, intervals between active 

sessions, and pacing as measures of self-regulation.   Anti-procrastination reviewed the 

availability and due date of an assessment and when the student completed the task.  

Intervals between active sessions identified regular or irregular learning patterns, and 

pacing referred to the students’ use and adherence to the daily work schedule.   
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Montgomery et al. (2019) established the strongest connection between 

Zimmerman and Moylan’s (2009) version of self-regulated learning and trace data.  In 

their study, Montgomery et al. (2019) identified location as on-campus or off-campus 

through the use of an IP address, as well as the day of the week and time of day, and then 

connected the trace data to environment structuring.  Furthermore, the researchers 

connected LMS activity, which included frequency and duration of activity, to effort 

regulation, as well as regularity of access to time management, and utilized EOC grade as 

the measurement of academic achievement.  Montgomery et al. (2019) noted the 

environmental structuring data points were new and “not previously studied within SRL-

LA research” (p. 118).   

Most importantly, Jo et al. (2016) found the results from the self-report 

questionnaire had a significant positive correlation with the behavior and engagement 

variables within the LMS trace data.  Jo and colleagues (2016) determined their “findings 

can be interpreted as empirical evidence for measuring the level of learners’ time 

management strategies and taking motivational and cognitive pre-emptive action, without 

implementing extra self-reporting surveys in the online learning environment” (p. 207).   

Moving forward, researchers may utilize LMS data without incorporating a survey or 

questionnaire.   

Trace Engagement Data and Academic Achievement 

Hung et al. (2012) found frequency of logins and access of content had a positive 

correlation with EOC grades, whereas Liu and Cavanaugh (2011) had mixed results in 

their study since they found frequency of logins and total active time within math and 
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science courses as statistically significant predictors of academic achievement in specific 

contexts.  Li and colleagues (2018) studied the connection between behavior and learning 

outcomes within a Japanese university and discovered higher levels of activity and 

assignment completion resulted in higher EOC grades, which supported findings of other 

research studies.  Interestingly, Montgomery et al. (2019) found a “weak to moderate 

significant relationship” (p. 123) between effort regulation and academic achievement, as 

well as environmental structuring and academic achievement.  The researchers found 

high-achieving students typically worked in the afternoon and balanced their work 

requirements throughout the week, while low-achieving students typically worked in the 

evening and worked the least on Mondays (Montgomery et al., 2019).  Regardless of 

achievement level, students completed 78.6% or more of their coursework off-campus.  

Although Montgomery et al.’s (2019) study incorporated many aspects of this study, 

there is still a lack of research regarding K-12 students in supplemental courses.  

Lack of Research on SRL 

Research on SRL within nontraditional instructional environments is increasing, 

but existing research predominately features undergraduate students with minimal 

attention to elementary and secondary students (Tsai et al., 2013).  Of the 46 SRL and 

online learning studies published between 2003 and 2012, 65% focused on 

undergraduates while 4.3% focused on elementary students and 6.5% focused on 

secondary students (Tsai et al., 2013).  Additionally, only 2.2% of those studies focused 

on language and 6.5% of those students focused on math as disciplines (Tsai et al., 2013).  

However, research does support the inter- and intra-dependence of student SRL.  In fact, 
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some studies reported SRL components, such as intrinsic motivation, goal-orientation, 

self-efficacy, and adaptive behaviors, may be able to predict academic achievement 

(Artino & Stephens, 2009; Cho & Shen, 2013).  A need exists for additional research on 

academic achievement within nontraditional environments and the potential impact 

student SRL strategy use may have in elementary, middle, and high school and college 

and university settings.    

Potential Influential Variables of Academic Achievement 

In addition to the scarcity of research on SRL in elementary, middle, and high 

school settings is the fact that many of the variables in the existing studies on SRL 

comprise a single category, making it impossible to determine their individual impact.  

The following sections offers discussions of demographic variables.  When available, the 

researcher included studies investigating self-regulation in nontraditional instructional 

settings using the variable as a predictor variable.  Thus, the researcher focused on studies 

investigating the impact of the variable within educational settings with a primary focus 

in public K-12 setting and a secondary focus in college and university settings.   

Students enrolled in supplemental courses are also enrolled through their home 

school; thus, information within the student information system (SIS) and LMS pull from 

home school records.  Demographic information includes student age, gender, 

race/ethnicity, grade level, daily school schedule listing course enrollments, and 

exceptionality, if applicable.  The SIS also houses student transcripts indicating previous 

coursework and final reported grades for each of those courses regardless of success.   
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Gender   

Males and females are unquestionably different; however, substantial research 

indicates gender is not an influential factor on student achievement in online or blended 

instructional settings.  For example, while investigating self-regulation strategy use, 

Kirmizi (2013) found a lack of significant differences between genders.  Most 

significantly, current research indicates gender does not significantly affect student 

achievement in online courses nationally and internationally (Astleitner & Steinberg, 

2005; Bidjerano, 2005; Yukselturk & Bulut, 2009; Yukselturk & Top, 2013).   

However, almost every study reviewed included gender variables, but most of the 

researchers used gender as an identifier or to ensure a lack of gender bias.  Within 

educational settings, gender is often a variable of interest.  For example, Fitch and 

Obradović (2017) investigated executive functions in third, fourth, and fifth graders.  

Results indicated female students had lower instances of acting out and higher instances 

of task-orientation, assertiveness, and tolerance of frustration when compared to male 

students.   

Focusing on higher education, Yukselturk and Bulut (2009) investigated gender 

differences between students enrolled in a computer programming course at a Middle 

Eastern university.  Although there were no statistically significant differences between 

genders, female students reporting high levels of test anxiety did receive lower final 

grades.  Additionally, male students reporting lower levels of self-efficacy were less 

successful than were male students with high levels of self-efficacy (Yukselturk & Bulut, 

2009; Yukselturk & Top, 2013).  These findings support previous research on gender 
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differences within online educational settings (Astleitner & Steinberg, 2005; Bidjerano, 

2005).  Additionally, female students reported higher levels of self-regulation when 

compared to male students (Bidjerano, 2005; Yukselturk & Top, 2013).   

At the university level, Chen and colleagues (2009) investigated college freshman 

and senior students’ perceptions of learning with web-based technology along with levels 

of student engagement when compared to traditional student experiences.  In this study, 

the researchers did use gender as a variable.  They categorized gender as a student 

characteristic but grouped all student and institutional characteristics into one category.  

Results indicated a small, but statistically significant difference between student and 

institutional characteristics and student decisions to take courses online.  However, in 

addition to gender, the category included race and ethnicity, status of student enrollment, 

education level of one or both parents, student age, G.P.A., SAT scores, 

fraternity/sorority membership, STEM field of study, and U.S. citizenship (Chen et al., 

2009).  Thus, it is impossible to determine whether gender had a significant impact on 

student decisions within this study.  

Most of the existing research focused on college and university students 

averaging 26 years old.  Consequently, there is a lack of information regarding whether 

gender affects student achievement in students still enrolled in primary or secondary 

schools.  Furthermore, there were limited studies using gender as a variable within online 

or blended learning environments.   
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Age and Grade Level 

Age is the numerical representation of life experience.  In education, age 

determines when students should begin and end their general education.  In most of the 

studies reviewed, researchers used age as a descriptor, often interchangeably with grade 

level.  However, it is important to note a student’s age may have implications on student 

ability.  For example, like Piaget’s (1936) stages of development, Mӓgi et al. (2016) 

found self-regulation ability changed as students matured, with the largest changes 

occurring within elementary school and decreasing as students matured into early 

adulthood.  In their study of executive functions in elementary school, Fitch and 

Obradović (2017) found older students tended to have higher levels of executive 

functioning and lower levels of social skills.  Although research indicates age does not 

significantly affect student achievement, all the studies reporting the lack of significance 

included undergraduate, graduate, and adult learners (Kirmizi, 2013; Yukselturk & Top, 

2015). 

Grade-level is another common variable utilized predominantly as a descriptor, 

but it also may impact student achievement in online courses.  Curriculum designers and 

those responsible for creating curriculum use grade levels to organize content.  Students 

entering a specific grade level receive instruction on the content designed for that grade.  

If a student already knows the information, typically, they are not able to move on to the 

next lesson.  The personalized learning initiative, which includes nontraditional 

educational options like online courses, is beginning to alleviate this concern.  However, 

the availability of online courses is still relatively new, and courses are still listed as 
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grade-level content courses, such as math 6 or ninth grade literature and composition.  As 

mentioned previously, existing research on elementary, middle, and high school students 

in supplemental online learning environments is sparse.  At the university level, Kirmizi’s 

(2013) descriptive study found no statistically significant difference in self-regulation 

skills between first-, second-, or third-year college students taking online courses.  

However, this study relied on student perceptions and did not include the existence or 

lack of previous student online course experiences.   

Race and Ethnicity 

Researchers often report race and ethnicity as the same variable, and usually 

students or parents self-report the data.  Fitch and Obradović (2017) found ethnic 

minority students, identifying as African American, Asian or Pacific Islander, Hispanic or 

Latinx, or multiracial, had lower levels of challenge preference, assertiveness, and 

executive functioning when compared to White students.  As ethnic minority students 

encompassed 78% of the participant sample for the study, these results are important to 

note.  Since executive functioning is the cognitive precursor to metacognitive regulation, 

research seems to indicate ethnic minority students are at a disadvantage; however, 

additional research is necessary to determine if these results generalize to an online or 

blended learning environment.   

As discussed within the gender variable section, Chen et al. (2009) investigated 

freshman and senior college students’ perceptions of learning with web-based technology 

along with levels of student engagement when compared to traditional student 

experiences.  Since the researchers categorized race and ethnicity as a student 
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characteristic and grouped student characteristics with institutional characteristics, it is 

impossible to determine whether race and ethnicity had a significant impact on student 

decisions within this study.  The results indicated a small, but statistically significant 

difference between student and institutional characteristics and student decisions to take 

courses online, but the category was inclusive of multiple other variables in addition to 

race and ethnicity.  Thus, further study is necessary to determine if race and ethnicity by 

itself is a statistically significant factor. 

Exceptionality 

In educational settings, exceptionality services support a full spectrum of abilities 

from special needs students with individualized education plans (IEPs) and plans under 

Section 504 of the Rehabilitation Act (1973), known as 504 plans, through the talented 

and gifted programs.  Nontraditional courses have the unique potential to meet the 

various needs of gifted students including: (a) providing challenging content/tasks, (b) 

providing opportunities to showcase their unique talents, (c) opportunities to work 

independently, (d) opportunities to accelerate their coursework, (e) opportunities to 

engage with peers, and (f) providing differentiated course structures (Swan et al., 2015).  

In a study of gifted students in elementary, middle, and high school, Wallace (2009) 

investigated the effectiveness of online courses on gifted populations.  Results indicated 

student interest in their online course content area either persisted or increased for 97% of 

the 686 participants.  Students found courses appropriately challenging, especially in 

middle and high school.   
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Using the search terms IEP, 504, accommodation, special needs, exceptional, 

online learning, virtual, computer, and Internet, the researcher found no existing research 

on students with IEP or 504 plans and online education.  However, Cleary and colleagues 

(2017) found self-regulation strategies supported at-risk students in their middle school 

courses.  Students using the Self-Regulation Empowerment Program (SREP), which 

included an online journaling component, maintained statistically significant and positive 

changes in academic achievement for two years after receiving the intervention in sixth 

grade (Cleary et al., 2017). 

Nontraditional courses offer another option for differentiation.  Flexible pacing 

provides additional time for students who need it, while students who have already 

mastered the content are free to move forward.  Although Swan et al. (2015) provided 

evidence for middle school gifted students and online learning, and Wallace (2009) 

provided evidence for elementary, middle, and high school gifted students and online 

learning, additional research is necessary to further explore the role of nontraditional 

learning and exceptional students on both ends of the spectrum at all learning levels. 

Learning Environment or Climate 

A learning environment, or climate, is the setting for a learning experience, and 

research suggests a strong connection between positive classroom environments and 

student achievement (Farid et al., 2016; Jo et al., 2017; Kearney et al., 2016).  As 

established in Bandura’s (1977) social cognitive theory and Zimmerman’s (1989) self-

regulation theory, learning occurs through the interactions of cognitive, behavioral, and 

environmental factors.  The physical learning space may influence student achievement 
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because it “can stimulate emotions, create a sense of security, and prepare the students to 

learn” (Ariani & Mirdad, 2016, p. 175). 

Students enrolled in blended and supplemental courses have two distinct learning 

environments: online learning environment and physical learning environment (Rovai et 

al., 2018).  The physical environment incorporates tangible items, such as desks, lighting, 

and décor, and intangible items, such as noise, movement, temperature, and energy (Farid 

et al., 2016).  For supplemental asynchronous courses, the online learning environment is 

set by the instructor and, if there are discussion-based tasks, the other students enrolled in 

the course.  However, the instructor of the online course does not have control of the 

physical environment.  Some students may complete their course work in an environment 

of their choosing, while others are restricted to specific learning environments within 

their schools.  This means students may or may not have control of their learning 

environments, so it is important to understand the impact learning environment and 

learning environment climate can have on students.  Depending on the school or specific 

student situation, learning environments include working at home (Cavanaugh et al., 

2004), working at home and school (Greene & Hale, 2017), and working at school 

(Cavanaugh et al., 2004; Thibaut et al., 2015; Lye et al., 2012). 

Traditional learning environments.  Currently there is some confusion within this 

area of research as many studies identifying learning environment or learning climate as a 

variable explore student engagement or attentiveness within a classroom setting.  For 

example, Virtanen et al. (2015) surveyed secondary students and teachers in Finland to 

examine emotional, organizational, and instructional support as identifying factors of 
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classroom quality.  Additionally, undergraduate education and psychology majors 

observed students in their learning environments over a two-week period.  The 

researchers found a correlation between classroom organization and student engagement 

and instructional support with student engagement.     

In addition to the confusing definition of learning environment, another common 

element within existing research on learning environment is the use of perception data.  

Wang and Holcombe (2010) explored middle school student perceptions of online 

learning and found student perception of school and environmental characteristics while 

in seventh grade directly impacted student participation, student identity within the 

school, and self-regulation strategies when in eighth grade.  Similarly, after surveying 

400 urban and suburban high school biology students in Malaysia, Ahmad et al. (2017) 

found learning environment and student commitment to learning as influential factors of 

student learning comfort.  The researchers relied solely on student perceptions of the 

physical and social aspects of their learning environment.  Likewise, in their descriptive 

study, Farid and colleagues (2016) surveyed 20 middle and high school principals in the 

Peshawar district in India.  Interestingly, all principals strongly agreed school physical 

facilities affect student learning.  Additionally, 19 principals strongly agreed effective 

school environments can improve school results and supportive and motivational school 

environments enable students to concentrate on academic performance.   

Velayutham and Aldridge (2013) also utilized student perceptions when they 

investigated the effect of student motivation, use of self-regulation strategy, and self-

efficacy within science classrooms.  The researchers identified learning goal orientation, 
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task value, and self-efficacy as motivation, which directly connected to effort regulation, 

identified as self-regulation.  Additionally, the researchers used the level of connection 

between the student body, level of support from instructors, level of participation, student 

task value, social support, and perceptions of equity to identify learning environment.  

Using the What Is Happening In this Class? (WIHIC) questionnaire, Velayutham and 

Aldridge (2013) surveyed 1,360 students, 719 boys and 641 girls, in grades 8, 9, and 10 

enrolled in Australia’s public-school system.  The results indicated investigation, task 

orientation, and student cohesiveness, all aspects of learning environment, had a 

statistically significant impact on student motivation and self-regulation.  However, the 

learning environment in this study incorporated social interactions such as cooperation 

and teacher support with the student’s subject-matter instructor.  It did not incorporate 

other staff members supporting or supervising student work.   

Ariani and Mirdad’s (2016) mixed methods study investigated the impact of 

school design on student academic achievement within public and private elementary 

schools in Iran.  Again, focusing on perceptions, the interview instrument asked students 

to rate their views on topics in three categories: movement and circulation, views, and 

day lighting.  The interview results indicated public school students are not as aware of 

their physical learning environment as private school students; however, movement and 

circulation within a learning environment impacted all students.  Ultimately, the findings 

showed “fundamental effects on student performance” for private school students and 

supported “learning space[s] as a strong component . . . [to] motivate students to study 
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and progress” (p. 178).  Meaning, the learning environment influenced student 

motivation, which in turn, influenced student performance. 

Although this information is beneficial to learning environment and learning 

environment climate, these studies focus primarily on self-reported perceptions.  

Furthermore, they do not address the physical learning space outside of the traditional 

classroom, nor do they address student learning without direct instructor supervision.  

Additionally, none of these studies includes aspects of technology or student autonomy.   

Nontraditional learning environments.  There is limited research available on 

learning environment, learning environment climate, and blended or online learning 

within elementary, middle, and high school settings and even more limited when adding 

self-regulation.  As public-school options for online learning is still relatively new, it was 

not surprising to find only a few studies within the United States or including students 

from the United States. 

Studies including elementary public-school students in blended or online 

instructional settings also included middle and high school.  Students enrolled in blended 

or online courses at the elementary level ranged from kindergarten through fifth grades.  

In their meta-analysis of international studies, Cavanaugh and colleagues (2004) 

investigated a variety of factors including subject area, grade level, type of school, 

pacing, timing, previous experience in nontraditional settings, and the setting, or 

environment of the student and their potential influence on student success.  The 

researchers found no statistically significant difference in academic achievement between 

students learning in traditional settings and students learning nontraditional settings.  
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Wallace (2009) also focused on gifted elementary, middle, and high school students at an 

international level and investigated the effectiveness of asynchronous online course 

options for gifted and talented students.  Findings indicated students in all three grade 

bands had very high levels of achievement in their online courses.  Greene and Hale 

(2017) explored online and blended learning options within all grade levels in the United 

States; however, the researchers focused on reviewing existing literature and reviewing 

teacher preparation and pedagogy.  Unfortunately, neither study reported results based on 

country of origin, and additional research is necessary to determine if these findings can 

generalize to the K-12 students within the United States. 

Internationally, Thibaut et al. (2015) explored the use of blended learning in 

primary classrooms in Australia.  The researchers found blended learning supported 

student engagement as well as collaborative and reciprocal learning.  Similarly, Lye and 

colleagues (2012) explored the use of blended learning in second, third, and fourth grade 

classes in Singapore.  Although the findings suggested a small effect on student success, 

student and teacher reported positive perceptions of the blended learning experience.  

At the middle school level, Swan et al. (2015) investigated the use of a virtual 

learning lab (VLL) with middle school gifted students in Florida.  Results indicated 

taking an online course within a physical school setting may be an effective instructional 

model for middle school gifted students.  Means et al. (2013) conducted a meta-analysis 

on the effectiveness of online and blended learning.  Though the study included students 

in middle school, high school, and higher education, results indicated students enrolled in 

online or blended courses had slightly higher EOC grades when compared to students 
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enrolled in traditional courses.  Alternatively, Heissel (2016) compared potential benefits 

between traditional and virtual models for middle school students enrolled in Algebra I in 

North Carolina.  The research found the eighth-grade students taking the virtual version 

of the Algebra I course underperformed eight-grade students taking the traditional 

version of the Algebra I course.  Of the 49 studies included in the meta-analysis (Means 

et al., 2013), only seven included students in K-12 grades, so questions remain regarding 

the effectiveness of online and blended models for middle school students.  

At the high school level, Journell (2010) conducted a qualitative study of high 

school students enrolled in online summer school U.S. History course to investigate 

potential instructor influences on online courses and student experiences.  Through 

interviews, Journell (2010) found the instructor, known as Mr. Harding, had a negative 

perspective of online education and online students.  Mr. Harding perceived the purpose 

of online education as a means of transmitting information and believed students chose 

online courses to avoid social interaction and to do the minimal amount of work possible 

to complete the course.  This proved true when student responses revealed they viewed 

online courses as fast and easy, did not feel the need to communicate with peers within an 

online course, and viewed the online teacher as a nonessential element to learning.   

de la Verre et al. (2010) conducted a two-year longitudinal study focused on high 

school students enrolled in a hybrid, learner-centered blended course.  Their qualitative 

study explored the blending of social support between the course facilitator, the teacher 

physically in the school building, and the online instructor.  de la Verre et al. (2010) 

found responsibility for student achievement rested in both the facilitator and online 
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instructor, which seemed to support Journell’s (2010) findings.  Both studies seemed to 

support the need for additional research in the physical and online learning environment 

since facilitators and instructors within both settings appear to influence student 

perceptions and achievement when taking online courses.   

Quantitatively, Michalsky et al. (2007) compared high school student abilities to 

regulate cognition, also referred to as metacognitive regulation, in a traditional, face-to-

face course and an asynchronous online course.  The researchers found students in the 

online course significantly outperformed their peers in the traditional course (Michalsky 

et al., 2007).  Similarly, Matuga (2009) found higher levels of goal orientation directly 

connected to higher levels of intrinsic motivation among high school students taking 

online university courses.  Matuga (2009) also noted an achievement effect where high 

achievement increased motivation and self-efficacy. 

Rovai and colleagues (2005) investigated the differences in school climate 

perceptions between fully online students and fully face-to-face students enrolled in 

undergraduate and graduate programs at two universities in Virginia.  Of the 279 

participants, 104 were undergraduate students, and 175 were graduate students.  All 

participants majored in education.  The researchers used a survey measuring student 

sense of community to identify school climate.  The results indicated students enrolled in 

fully online courses have a lower sense of belonging to their classroom social community 

as well as their school social community (Rovai et al., 2005).  However, online students 

had higher scores in learning community within the classroom and school, which may 

connect to student enrollment decisions.  If a student enrolls in an online class, there may 
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be other personal factors influencing their achievement within that course.  However, 

when compared to students in public schools, these undergraduate and graduate students 

received greater autonomy to make these decisions.  Furthermore, Rovai et al. (2005) 

investigated perceptions of climate as community—the focus was the social aspect of the 

learning environment.  The only mention of physical learning environments was whether 

students took courses face-to-face or online.  Regardless of location, there was a physical 

environment present, but Rovai et al. (2005) did not address this element in the study. 

Using a pretest/posttest experimental design, Alfred et al. (2018) explored the 

differences between face-to-face learning experiences and simulated learning 

experiences.  Undergraduate and graduate students previously or currently enrolled in a 

circuits-based course completed a pretest and demographics survey, then watched an 

instructional video before Alfred et al. (2018) randomly assigned them to the control or 

experimental groups.  Members of each group watched instructional videos to learn how 

to complete the task within their specific learning environment.  The findings indicated a 

higher level of self-efficacy for students within the physical environment condition, and 

students with higher learning goal orientation took longer to complete their task in all 

three conditions (Alfred et al., 2018).  Thus, environment does not appear to impact 

student task orientation.  Alfred and colleagues (2018) recognized two distinct learning 

environments, but they failed to address the physical learning space of the simulated 

learning environment.   

Outside of the United States, Barbour and Hill (2011) conducted a qualitative 

study to explore secondary student experiences through the Centre for Distance Learning 
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and Innovation (CDLI) in Newfoundland and Labrador, Canada.  Online courses had 

synchronous and asynchronous components, and although not explicitly stated, the ability 

for students to choose when to complete their assignments indicated the CDLI courses 

are flexibly paced (Barbour & Hill, 2011).  Through their interviews and observations, 

Barbour and Hill (2011) determined “students rarely used asynchronous class time to 

complete their assigned CDI seat work or assignments, instead they talked to friends, 

explored the Internet, or engaged in other off-task behavior” (p. 10).  When students 

needed help with their online class, students turned to peers, a teacher in their school, or 

their online teacher instead of using resources provided within their course.  Barbour and 

Hill (2011) recommended more engaging course content for asynchronous lessons, 

highlighted the need for online teachers to create a stronger sense of community within 

their online course, and suggested inclusion of a clearer orientation for students to 

understand the resources available to them and how and when to use those resources.  All 

three suggestions focused on improving teaching practices and teacher support, but 

Barbour and Hill (2011) did not address the role of the student or physical or social 

aspects of the learning environment where the students take their courses.    

Addressing the gap of social or contextual aspects of learning with technology, 

Shi et al. (2013) conducted a cross-cultural study with male Chinese and Canadian 

students at the university level to investigate individual and social SRL.  Students worked 

in either homogeneous or heterogeneous pairs.  Results indicated Canadian homogenous 

pairs and heterogeneous pairs had higher levels of individual SRL when compared to 

Chinese homogeneous pairs.  However, the only statistically significant differences fell 
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between Canadian and Chinese homogeneous pairs.  Thus, the results support the 

contextual or social influence on individual levels of SRL (Shi et al., 2013).   

Finally, Cavanaugh et al. (2004) conducted a meta-analysis on the effects of 

distance education on K-12 student outcomes.  After reviewing 14 studies, the 

researchers analyzed data for 7,561 students spanning third through twelfth grades.  Their 

analysis showed student academic achievement in online courses mirrored student 

academic achievement in face-to-face courses.  Five variables influenced student 

outcomes within their virtual course: (a) grade level, (b) school type, (c) content area, (d) 

qualifications of the teacher in the teaching field, and (e) the setting of the students 

(Cavanaugh et al., 2004).  The meta-analysis updated previous meta-analyses on distance 

education, but the implications for future research and practice focused on teacher 

training, policy, and evaluation, which moves the focus from the direct influences of 

student learning (Cavanaugh et al., 2004).  In other words, improvements in teacher 

training, policy, and evaluation can only occur when research indicates the direct and 

indirect influences on student learning experiences. 

Student level of academic achievement impacts student perceptions of their 

learning environment (Cosmovici et al., 2009).  Like the triadic cycle of self-regulation, 

student self-efficacy, academic outcome, and the learning environment impact and 

influence one another.  Although there is a large amount of research on self-regulation 

and online and blended learning environments, none of the researchers investigated 

learning environment as a potential influential variable within a supplemental online 

course.   
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First-Time Online Experiences   

Existing research highlighted college and university students as well as working 

adults and their first-time experiences within a virtual course.  Some common concerns of 

the online course experiences included lack of technical skills (Arbaugh, 2004; Conte, 

2012), time commitment (Conte, 2012; Waldman et al., 2009), participant interaction 

(Arbaugh, 2004; Conte, 2012), course quality (Conte, 2012; Waldman et al., 2009), and 

instructor support (Arbaugh, 2004; Waldman et al., 2009).  Although working adults 

expressed desires to enroll in face-to-face courses in the future, college and university 

students expressed an interest in future online courses.   

Students often struggle when confronted with new experiences.  Within an MBA 

program, Arbaugh (2004) conducted a longitudinal study to investigate the potential 

changes in student perceptions as they take their first and subsequent online courses.   

Survey results did not indicate an overall change in student perceptions of learning over 

the course of the four-year study.  However, results did show a positive statistically 

significant difference in student satisfaction in delivery medium, participant interaction, 

and usefulness and ease of course software (Arbaugh, 2004).  Intriguingly, the most 

significant changes occurred when students enrolled in their second online course.  

Similarly, after surveying 300 university students, Waldman et al. (2009) found no 

statistically significant differences between experienced and novice online learner 

perceptions of time commitment, communication, or satisfaction.    

Outside of the United States, Geçer and Dağ (2012) investigated freshman 

students at a Turkish university taking their first blended course.  The researchers 
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interviewed 67 students enrolled in a teacher education mathematics course.  Students 

reported the blended experience had an overall positive impact on their view of learning 

and evaluation.  Students also stated the had an increased sense of responsibility over 

their own learning and had higher levels of consciousness about their learning.  Geçer 

and Dağ (2012) noted students felt “learning is more permanent on the computer” (p. 

440).  The blended model of instruction allowed students to have more control of the 

learning experience and of the learning environment.   

In his descriptive study, Conte (2012) explored the experiences of pharmacists 

taking their first online course.  Unlike college and university students, this study focused 

on working adults requiring continuing education credit for their licensure.  Participants 

reported an overall negative perspective of learning online because they missed 

socialization and found they lacked task-management skills.  Most participants indicated 

they would be hesitant to enroll in another online course in the future (Conte, 2012).  

However, it is important to note participants appeared to have a fixed-mindset and an 

unwillingness to engage in the activity.  Six weeks after the course began, Conte (2012) 

conducted the interview.  At that time, only one participant had completed two courses, 

five participants had completed one course, and three participants had not opened the 

course.  Two participants also shared they are “not a technological person” (Conte, 2012, 

p. 376) indicating a lack of self-efficacy for using technology.  As shown in previous 

studies, self-efficacy is a key component to self-regulation and achievement in online 

learning.  Thus, it is not surprising when participants had a negative perception of the 

online experience.    
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Although valuable, the current body of research focuses specifically on adult 

learnings in college and university settings.  Within the university studies from the United 

States, participants ages averaged around 30 years (Arbaugh, 2004; Waldman et al., 

2009), so there may be a disconnect between perceptions of a first-year student directly 

from high school and adults.  Geçer and Dağ (2012) identified the participants in the 

Turkish study as freshman, but there may be differences in the Turkish educational 

system that could impact student performance at the college or university level when 

compared to students from the U.S. educational system.   

Regardless, there is a large void of information relating the first-time experiences 

and outcomes of elementary, middle, and high school students enrolled in blended and 

online courses.  Durães et al. (2018) found, specifically, at the beginning of the study, 

students lacked experience with the software, which in turn caused frustration and slowed 

progression within the project.  It is important to acknowledge how student unfamiliarity 

with a learning management system (LMS) may potentially impact their achievement in 

their course, so additional research is necessary.  Furthermore, the research that is 

available utilized participant impressions or perceptions of the experience analyzed 

through qualitative methods.  Meaning, there is also a lack of quantitative analysis for 

first-time virtual learning experiences.   

Engagement Variables 

Each time a student accesses their online course, the LMS documents an instance 

or event and creates a data point.  Although each LMS documents various pieces of 

information, data may include the date of login, time of login, active time, inactive time, 
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total time, activities completed, items accessed, assessments attempted, or various other 

events.  Existing research in trace data through learning analytics connects this 

engagement data to student self-regulation (Cicchinelli et al., 2018, Jo et al., 2016, Lee & 

Recker, 2017, Li et al., 2018, Lowes et al., 2015, Montgomery et al., 2019). 

Frequency of logins.  Referred to as attendance data (Lowes et al., 2015), this 

variable refers to the number of times a student logged into the LMS, and it does not 

indicate the productivity during the login event.  The LMS may report the number of 

logins per day and/or per week.  Existing research utilizes login frequency as a 

measurement of SRL effort management (Lee & Recker, 2017).  Cicchinelli et al. (2018) 

conducted three studies.  The first study attempted to replicate previous research between 

college student self-reported motivation and self-regulation perceptions, but the results 

did not explain the varying performance outcomes for the students.   The second study 

investigated trace date within activity logs and performance data obtained from the LMS, 

and the results correlated with the self-reported motivation and self-regulation 

perceptions collected in the first study.  In other words, students reporting higher levels of 

motivation and/or self-regulation strategy use also had higher frequency of logins and 

distributed active time indicating higher levels of time management, planning, and 

monitoring.  The third study identified four categories for SRL behaviors: “continuously 

active, probers, procrastinators, and inactive” (Cicchinelli et al., 2018, p. 199).  The 

researchers found the higher the activity in the course correlated to higher levels of 

academic achievement.   
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Similarly, Poellhuber et al. (2019) identified seven categories for SRL behaviors: 

registered, “ghost, browser, self-assessor, serious reader, active-independent, and active-

social” (p. 13), but the researchers removed registered and ghost data due to the lack of 

data.  These categories represent the amount of activity, as well as the type of activities, 

college students engaged in within the seven-week massive open online course (MOOC).  

Findings indicated less active students have higher drop-out rates between weeks two and 

three of the course, whereas higher activity students have lower drop-out rates for the 

duration of the course.  Additionally, college students who engaged with more aspects of 

the course, such as videos, articles, and assessment reviews, typically completed the 

course.  However, it is important to note, Poellhuber et al. (2019) focused on the behavior 

and persistence within the course instead of a performance outcome.  Furthermore, 

students had varying reasons for enrolling in a MOOC, which may or may not be credit-

bearing.   

Active time.  Frequency of logins and distance between logins provide the login 

occurrence; however, neither data point provides insight into the activity during those 

events.  Once a student logs into a course, the LMS reports the duration of the login 

event.  The LMS may provide active time, idle or inactive time, and total time.  Lowes et 

al. (2015) found a statistically significant correlation between the time spent engaging 

with course content and the final course grade.  High school students enrolled in 

asynchronous online courses who spent at least 4.8 hours—roughly an hour each school 

day—working on their course each week passed, while students who spent less than four 

hours working on their course each week did not pass their course (Lowes et al., 2015).   
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Engagement Variables and Self-Regulation 

LMS trace data provide an objective view of student SRL behaviors within an 

online course.  Although there is an established connection between SRL time 

management and the previously discussed engagement variables, time management is 

only one aspect of SRL (Zimmerman, 2002).  Montgomery et al. (2019) connected 

engagement variables to SRL strategies, as seen in Figure 3. 

 

 

Figure 3. Connecting LMS engagement variables and SRL. 

 

 

Overall, findings indicated higher performing students had higher levels of time 

management and effort regulation (Montgomery et al., 2019).  In other words, students 

who regularly accessed their courses throughout the week and planned their worktime 

throughout the day had higher EOC grades.  Montgomery et al. (2019) identified learning 

environment, or location, as students working either on- or off-campus.  Findings 

indicated a statistically significant difference between location and EOC grades but with 
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a small effect size.  So, students working predominantly on-campus had slightly higher 

EOC grades when compared to students who worked predominantly off-campus.   

Summary 

Elements of social cognitivism, constructivism, and humanism molded this 

literature review.  One conclusion that may be drawn from this literature review is that 

SRL and SRL strategies can support academic achievement in a variety of settings at all 

educational levels.  Students who can self-regulate use strategies such as planning, goal 

setting, task strategies, self-monitoring, help seeking, and environment structuring 

(Broadbent, 2017; Cavanaugh et al., 2004; Dembo & Eaton, 2000; Inan et al., 2016; 

Wang & Holcombe, 2010; Zimmerman, 2002; Zimmerman & Schunk, 2012). 

With the new state Senate bill and federal support for content-mastery and 

personalized learning, a greater number of students now have access to online courses.  

Therefore, another conclusion is a need exists for additional research in nontraditional 

learning experiences in public K-12 education due to the increasing availability of online 

course offerings.   Blended learning options appear to be more common at the elementary 

and middle school levels (Greene & Hale, 2017; Heissel, 2016; Thibaut et al., 2015); 

however, online options are becoming more available to public school students in 

elementary (Cavanaugh et al., 2004; Green & Hale, 2017; Wallace, 2009), middle 

(Cavanaugh et al., 2004; Green & Hale, 2017; Heissel, 2016; Means et al., 2013; Swan et 

al., 2015; Wallace, 2009), and high school settings (Cavanaugh et al., 2004; de la Verre et 

al., 2010; Greene & Hale, 2017; Journell, 2010; Means et al., 2013; Wallace, 2009).                                          
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Although online learning may appear isolating, students enrolled in online or 

blended courses still interact with others.  Students choosing to take all their courses 

online communicate with their instructors and often their peers through email, discussion 

posts, and synchronous class sessions or video conferencing.  Students choosing to 

supplement a course typically work on their classwork within the physical school 

building.  They also communicate with their instructors, and often their peers, through 

email, discussion board posts, and at times, video conferencing.  Regardless of the 

instructional model, students are always influencing and influenced by their environment 

(Bandura, 1977).  Although many studies within this literature review discussed learning 

environment (Barbour & Hill, 2011; Farid et al., 2016; Jo et al., 2017; Kearney et al., 

2016; Lye et al., 2012; Thibaut et al., 2015), the studies focused on the social 

environment of a classroom.  None of the existing literature incorporated supplemental 

online courses and learning environments or utilized environment as a potential predictor 

variable of student success.   

SRL improves student academic achievement in all educational settings, but 

research on the potential influences on primary and secondary students enrolled in their 

first supplemental courses is sparse.  Most of the literature focuses on perceptions of 

learning experiences or comparing achievement, or effectiveness, of nontraditional and 

traditional instructional models.  Existing literature of nontraditional models also 

predominantly features students in higher education with minimal research on K-12 

education.  The reason for this research study was to help inform parents, teachers, school 

administrators, school district staff, and state officials of the variables impacting student 
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achievement of public elementary, middle, and high school students enrolled in their first 

online course.  Chapter 3 details the research design and methodology for this study.  
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CHAPTER 3 

RESEARCH DESIGN AND METHODOLOGY 

As stated in Chapters 1 and 2, Georgia Senate Bill 289 requires public school 

districts to offer student choice for learning medium: traditional, also known as face-to-

face, courses or virtual courses.  Thus, there has been a large influx in student 

enrollments for both the state level virtual school and district level virtual 

schools/programs.  Student achievement in virtual courses often depends on the 

individual student’s self-regulation skills (Barnard et al., 2009; Bradley et al., 2017; 

Campbell, 2009; Cho & Shen, 2013; Journell, 2010; Lin & Tsai, 2016; Lye et al., 2012), 

which includes their physical learning environment (Barbour & Hill, 2011; Farid et al., 

2016; Jo et al., 2017; Kearney et al., 2016; Lye et al., 2012; Thibaut et al., 2015).  With 

the push for personalized learning at both the federal and state levels, districts encourage 

student ownership of their learning.  However, students are not free to choose the 

learning environment in which they take their courses at their schools (Basham et al., 

2013).   

The purpose of this quantitative study was to explore possible correlations 

between variables and academic achievement of students in their first online course.  

Additionally, this study attempted to establish a model to better understand the 

relationship between learning environment and academic achievement for students in 

their first online course.  The goal of this study was to add to the existing body of 
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research and provide school and district educational leaders additional data to support 

their students enrolled in online courses. 

This chapter details the plan for utilizing educational data mining and multiple 

regression to analyze and address the research questions.  The next section of the chapter 

establishes the sample and participants for the study and provides a descriptive 

explanation of the research design, which includes the measures and potential predictor 

variables.  Following the research design is a discussion of the threats to the validity of 

the study.  The last section summarizes the research methodology and design.   

Research Questions Reiterated 

In quantitative studies, researchers use research questions and hypotheses.  A 

hypothesis is appropriate when a researcher predicts or expects a specific outcome from 

the study while research questions are used to “inquire about the relationship among 

variables” (Creswell & Creswell, 2017, p. 132).  As this study explored the relationships 

between variables with no a priori assumptions, the researcher utilized research questions 

to form this study. 

The research questions for this study were: 

1. Is there a statistically significant correlation between effort regulation, as 

measured by frequency of logins; engagement, as measured by active time; 

and learning environment of students in their first online course? 

2. Is there a statistically significant correlation between gender, age, grade level, 

exceptionality, or race/ethnicity, and academic achievement, as measured by 

student grades, of students in their first online course? 
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3. Does a learning environment predict academic achievement, as measured by 

student grades, of students in their first online course? 

4. Which of the following variables or combinations of variables result in the 

best predictive model for highest and lowest degrees of academic 

achievement, as measured by student grades, of students in their first online 

course: active time in school, active time outside of school, frequency of 

logins in school, frequency of logins out of school, gender, age, grade level, 

exceptionality, and race/ethnicity? 

Target Population and Sample 

The data for this study derived from student information records within a 

metropolitan school district in the Southeastern United States from the Fall 2018 

semester.  Georgia Senate Bill 289 allows students the right to choose virtual learning in 

place of traditional, face-to-face learning environments.  Thus, the virtual learning 

program was a district-run virtual program within a metropolitan area within the 

Southeastern state.  The school district reported 92,114 enrolled students of which 

50.84% were female and 49.16% were male.   
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Table 2 

May 2018 Demographic Information for Local School District 

 Gender Hispanic Indian Asian Black Pacific White Multi 

Female 46,834 7,167 51 5,252 19,814 32 13,162 1,356 

Male 45,280 7,371 54 2,474 19,965 21 14,020 1,375 

Total 92,114 14,538 105 7,726 39,779 53 27,182 2,731 

Percentage  15.78% 0.11% 8.39% 43.18% 0.06% 29.51% 2.96% 

 

 

This study included 95 participant archival data.  The sample included public 

school students in seventh and eighth grades enrolled in their first virtual course, 

including male and female students operating below, at, and above grade level, as shown 

in Table 3.  The researcher utilized the following inclusion criteria to identify the archival 

data for this study: 

• The Fall 2018 semester marked the first online enrollment for the student in 

either the state or district virtual program. 

• The student had one enrollment for the Fall 2018 semester. 

• The student’s school belonged to the district school system. 

• The platform for the course was the primary learning management system for 

the district virtual program. 

• The course instructor was a full-time faculty member of the district virtual 

program. 

• The student information system identified the student as a seventh or eighth 

grader during the Fall 2018 semester. 
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• The enrollment for the Fall 2018 semester had a minimum duration of 12 

weeks.   

• The learning management system reported the final gradebook activity for the 

student on or before December 20, 2018.   

 

Table 3 

Participant Demographics 

Variable Frequency 

Gender  

Male 44 

Female 51 

Race/Ethnicity  

Caucasian/White 39 

African American/Black 22 

Asian 20 

Hispanic 12 

Multiracial   1 

Native HI/Pacific Islander   1 

Grade Level  

Seventh Grade  2 

Eight Grade 93 

Age  

13-years-old   2 

14-years-old 54 

15-years-old 38 

16-years-old   1 

Exceptionality  

No Exceptionality 51 

Exceptionality 44 

 

The research indicated a gap in the literature regarding online learning and 

elementary and middle school students.  Current Georgia law allows students in fourth 

through twelfth grades to select their learning environment, whereas the state and district 
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programs offer only middle and high school courses.  Since elementary and middle 

school daily school structures differ, the researcher excluded students in elementary 

school from this study.  After removing fifth grade student data, only six students 

qualified for inclusion.  To increase generalizability, the researcher included only seventh 

and eighth grade student data in this study.   

Although the students did not participate in the study during the term, the 

researcher taught the middle school language arts courses during the Fall 2018 term.  The 

researcher supported students and their self-regulation throughout the term, which may 

have influenced student active time and final grades.  To avoid a potential Hawthorne 

effect, the researcher excluded any students enrolled in language arts classes during the 

Fall 2018 semester (Bracht & Glass, 1968).   

Research Design 

The purpose of this study was to build a predictive model for first-time virtual 

learning experiences.  To build a predictive model for first-time virtual learning 

experiences, the researcher used educational data mining (EDM) to investigate potential 

relationships between predictor and outcome variables, which may go unnoticed without 

EDM techniques.  EDM is a collection of techniques created to pull meaning from large 

educational datasets (Namratha & Sharma, 2016).  Depending on the goal of the study, 

researchers apply various EDM techniques, such as classification, prediction, and 

clustering, to the educational data.  Specifically, data mining “uses historical data, 

accumulated during the normal course of doing business, and involves selecting, 

preparing, and analyzing data, finding (and confirming) previously unknown patterns, 
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building predictive models, and deploying the models on current data” (McCormick et 

al., 2017, pp. 275-276).  Using this study as an example of EDM, data accumulated over 

the course of the Fall 2018 semester without interference from the study.  The researcher 

selected search terms to extract demographic and interaction data from the SIS and LMS 

based on the parameters of this study and then used multiple linear regression during data 

analysis to identify relationships between independent, dependent, and predictor 

variables.  According to Bienkowski et al. (2012), Baker (2010) formulated four goals for 

educational data mining: 

1. Predicting students’ future learning behavior by creating student models that 

incorporate such detailed information as students’ knowledge, motivation, 

metacognition, and attitudes; 

2. Discovering or improving domain models that characterize the content to be 

learned and optimal instructional sequences; 

3. Studying the effects of different kinds of pedagogical support that can be 

provided by learning software; and 

4. Advancing scientific knowledge about learning and learners through building 

computational models that incorporate models of the student, the domain, and 

the software’s pedagogy.  (p. 10) 

This study addressed the first goal by investigating student self-regulation of 

effort and engagement, measured by active time and frequency of logins, and 

environment, identified by Internet protocol (IP) addresses, in two learning 

environments—inside of school and outside of school—and exploring the relationship 
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between self-regulation, learning environment, and academic achievement outcomes.  

Without data mining, relationships between SIS and LMS data may have remained 

undetected since the amount of data is vast and within multiple databases.  Baker (2010) 

identified five potential technical methods to achieve these goals: prediction, clustering, 

relationship mining, distillation for human judgement, and discovery with models 

(Bienkowski et al., 2012).  As this study aimed to build a predictive model based on a 

continuous dependent variable, the researcher utilized the prediction method with 

regression, which uses predictor variables to draw conclusions about a piece of data.  The 

prediction method also supports previous research investigating behaviors in online 

environments (Bienkowski et al., 2012).  The dataset for this study came from the Fall 

2018 semester.   Once data were collected, the researcher utilized multiple regression to 

analyze the variables.  

Assumptions for Regression 

Analyzing data through multiple regression requires researchers to meet nine 

assumptions (Field, 2013).  Although predictor variables can be categorical or continuous 

in regression analysis, the outcome variable must be continuous.  Additionally, all 

predictor variables must have some variance and be uncorrelated with any external 

variables.  The data must also not include influential data points or autocorrelation.  

Finally, the data should be normally distributed, linear, and homoscedastic (Field, 2013).   

Dependent Variable 

The dependent variable was the students’ final end-of-course (EOC) grade for 

their first virtual course.  All grades were cumulative and encompassed 18-weeks of 
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course content.  All courses used weighted categories to calculate grades.  Final exam 

scores for middle school students were 15% of their total grade.  Middle school students 

may have a state-mandated end-of-grade (EOG) assessment, but the EOG scores do not 

factor into student grades.  However, it is important to note the EOG scores do impact 

retention and promotion for students eighth grade.  Students must demonstrate mastery of 

content on the EOG in ELA and math for eighth grade to be eligible for promotion to the 

next grade level.   

Independent Variable 

The independent variable was the student’s learning environment, which included 

physical settings, both time and place, inside and outside of the school building.  Inside 

environments included classroom, media center, or computer lab.  Outside environments 

were any learning spaces that were not a part of the school building.  

Physical learning environment, active time, and frequency of logins represent 

self-regulated learning (SRL) environment structuring, engagement, and effort regulation 

(Montgomery et al., 2019).  Using external Internet protocol (IP) addresses logged within 

the LMS and cross-referencing them with external IP addresses from the district middle 

schools, the researcher determined whether a student accessed their course from inside or 

outside of the school.  The researcher included only those logins indicating active time on 

the LMS session log.    

Measures and Predictors 

Utilizing multiple regression, the researcher analyzed test results to determine if 

there were statistically significant correlations between variables.  Predictor variables for 
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this study included: (a) gender, (b) age, (c) grade level, (d) race/ethnicity, (e) 

exceptionality, (g) active time, and (h) frequency of logins.  All demographic predictors 

were categorical variables, while all engagement predictors were continuous variables.   

Demographic Variables 

As stated in Chapter 2, trace data from the learning management system (LMS) 

reported three types of data: demographic, engagement, and performance.  The predictor 

variables for this study include demographic and engagement variables.  Demographic 

variables included: (a) gender, (b) age, (c) grade level, (d) race/ethnicity, and (e) 

exceptionality. 

Gender.  Student data indicated whether students were categorized as M for male 

or F for female.  This coding does not represent student gender identity or student choice 

to abstain from reporting their gender.  It simply means the student information records 

did not provide the data. 

Age.  The age of the student was based on their year of birth.  Grade level and 

course level did not connect to student age.  This variable was the age of the student at 

the beginning of the semester.  Although age is typically a continuous variable, the data 

encapsulated an 18-week period; thus, students could only age by a maximum of 18 

weeks during the study.  Therefore, age was included as a categorical variable where one 

category included students ages 13-14 years old and the other included students 15-16 

years old.   

Grade level.  As students could take virtual courses for acceleration, remediation, 

or replacement, course enrollment may not directly connect with enrolled grade level.  
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Student grade level is based on reported level of schooling within the student information 

system.  It is important to note grade level and age were not the same variable, nor did the 

variables automatically connect with each other.  

Race/Ethnicity.  In this context, race/ethnicity was identified at registration by the 

student or parent.  As presented earlier in this chapter, the demographics of the district 

school enrollments are diverse.  Demographic data included students identified as the 

following ethnicities: (a) Caucasian/White, (b) African American/Black, (c) Asian, (d) 

Hispanic, (e) Multiracial, and (f) Native Hawaiian/Pacific Islander.  Students identified as 

minority students formed one category while students identified as non-minority students 

formed a second category.   

Exceptionality.  State legislation allows all eligible students to enroll in a virtual 

learning program, which includes students working below, on, or above grade level.  The 

researcher identified students who had a 504 plan or individual education plan (IEP) and 

students identified as gifted.  Students with an IEP receive specialized education services 

(Individuals with Disabilities Act, 2004) while students with a 504 receive 

accommodations and modifications (Rehabilitation Act of 1973, 2015).  Exceptionality 

variables included: (a) IEP, (b) gifted, (c) 504, (d) IRR, and (e) none.  Students identified 

as exceptional formed one category while students identified as non-exceptional formed a 

second category. 

Engagement Variables 

 This study measured self-regulation strategy usage through student activity 

within the LMS.  Student engagement is measured by what researchers identify as 
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engagement variables.  Engagement variables included: (a) active time and (b) frequency 

of logins.   

Active time.  There are three times reported within the LMS: idle time, active 

time, and total time.  Active time refers to time spent engaging directly with the LMS 

while idle time refers to time students are logged into the LMS without activity.  As the 

researcher cannot assume the presence of behaviors during idle time, only active time 

was included in this study.  This variable assists the researcher in determining student 

engagement and where a student is working on their course. 

Frequency of logins.  This variable indicates the number of times a student 

entered their login information and accessed their course.  The researcher included only 

logins associated with active time.  The LMS recorded each login along with the IP 

address used for the login, which connected to either the in school or out of school 

learning environment. 

Data Collection Procedure 

Upon approval from the Mercer University Internal Review Board (IRB), the 

researcher applied and received IRB approval from the school district that served as the 

site for this study.  Next, the researcher formally requested access to data within the 

student information system (SIS).  The researcher submitted search parameters to the 

LMS account manager to conduct the data retrieval process for session log IP addresses.  

Following data retrieval, the researcher sorted data based on the inclusion criteria.   

The researcher conducted the study during the Fall 2019 semester.  Since data for 

this study were historical and complete, data collection encompassed approximately three 
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weeks.  The researcher obtained demographic data from the local school district, as well 

as a letter granting the researcher permission to obtain data from the LMS provider.  The 

researcher obtained engagement and performance data and IP data from the LMS 

provider.  Prior to the study, the researcher had already identified the variables of interest, 

the researcher was familiar with the platform, and the researcher could attest to its ease of 

use. 

Data Analysis 

As previously stated, the researcher utilized multiple regression to investigate 

statistically significant correlations between the dependent and independent variables and 

the covariates.  To meet the nine assumptions for multiple regression, the researcher 

reviewed the research design to determine whether the outcome variable was continuous.  

The researcher also visually inspected the dataset to confirm non-zero variance.  

Influence of external variables were assumed by using a historical data set and 

controlling for external variables.  No data points had a standardized value of absolute 

three and a Cook’s value above 1.00, so the researcher determined there were no 

influential data points.  The researcher assumed independence of errors as the Durbin-

Watson test value was between 1.00 and 3.00.  Finally, a visual review of predictor and 

outcome scatterplots, the Zpred*Zresid plot, and a histogram of residual errors confirmed 

linearity, homoscedasticity, and normal distribution (Field, 2013). 

After running the tests, the researcher identified the statistically significant 

variables and the effect size for the variables and the model.  Statistically significant 

variables had a p value less than or equal to .050.  The researcher also determined effect 
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size for each predictor variable by reviewing the part correlations (semi partial 

correlations) with the criterion in the model and the model by reviewing R2.  As this 

study aimed to create a predictive model, utilizing R2 allowed the researcher to determine 

the quality of fit for the model on data (Bandura et al., 1996; Chen et al., 2010; Kim et 

al., 2015; Lynch & Dembo, 2004; Martinek et al., 2016; Sun & Rueda, 2012). 

Ethical Safeguards 

After the receipt of IRB approval from the district, the researcher gained access to 

the data set.  Student names were not a search variable; however, the researcher utilized 

student identification numbers to determine first-time virtual enrollments and access 

school schedule information.  Individual student data were not reported outside of the 

predictive model, nor was individual student information reported outside of the 

predictive model.  Additionally, student identification numbers were not be a part of the 

data utilized in the multiple regression test.  All courses were complete prior to retrieving 

data, so student outcomes were not influenced by the research study or the findings of the 

study.  Finally, the researcher stored all data on a secure server with access granted only 

to the researcher and the dissertation committee members.   As the study did not include 

participants, consent forms were not a requisite; however, the researcher followed all IRB 

rules, regulations, and procedures to assure confidentiality. 

Threats to Validity 

There are four distinct categories of threats that can invalidate a research study: 

(a) statistical conclusion, (b) internal, (c) construct, and (d) external (Shadish et al., 



104 

 

2002).  In the following sections, the researcher discusses concerns of the potential 

threats within each category.   

Statistical Conclusion Validity 

The researcher addressed the concern of low statistical power by ensuring the 

sample size for the dataset was of adequate size.  After conducting a power analysis 

based on the expectation of a small (Ahmad et al., 2017; Cleary et al., 2017; Lynch & 

Dembo, 2004; Martinek et al., 2016; Sha et al., 2012) to medium (Chen et al., 2010; Cho 

& Shen, 2013; Kim et al., 2015; Sun & Rueda, 2012) effect size with nine predictor 

variables, the required sample size for this data set was a minimum of 87 cases.  As this 

study focused on the relationships between and within predictor variables and outcomes, 

low statistical power may still threaten the validity of the findings as the number of cases 

within each group may influence the results.    

Internal Validity 

As this study was not an experiment and did not have an experimental condition, 

there was not a concern of selection, maturation, or instrumentation.  The researcher used 

data for first-time virtual learners by reviewing transcripts, so history was not be a 

concern within the study.  However, the researcher could not control student exposure to 

blended learning options provided by other classroom teachers; Thus, students may have 

previous experiences with online activities, lessons, and/or projects.  Since the data set 

was complete, regression, attrition, and testing were not a concern.   
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Construct Validity 

As this study was not an experiment, mono-operation and mono-method bias 

posed a minimal, if any, threat as there was only one researcher collecting and analyzing 

data  Novelty and disruption effects were a potential threat as this study focused on first-

time experiences, but the researcher minimalized the impact of this threat by requiring 

enrollments of a minimum of 12 weeks as part of the inclusion criteria.   

External Validity 

To counteract a possible threat for the interaction of the causal relationship with 

units, the study included a diverse sample, representative of the district and state student 

enrollments.   Additionally, the researcher included variables that could influence 

outcomes within the study, thus reducing the potential for interaction of the causal 

relationship of outcomes validity concern.  As environment was a focus of this study, the 

researcher identified the two possible settings for virtual learning, which reduced the 

concern for interaction of the causal relationship with settings threats.  However, the 

researcher could not control for environmental influences within those two learning 

environments.  

Role of the Researcher 

The researcher had experience in face-to-face and virtual learning environments 

as she had taught English Language Arts (ELA) in middle and high school settings and 

ELA, mythology, and literature and composition in virtual settings.  Additionally, the 

researcher had several years of experience teaching ELA as a virtual instructor for 

accelerated elementary students, accelerated, on-level, and remedial middle and high 
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school students.  The researcher had worked with the state virtual program, and she was 

employed with the district virtual program at the time of this study.   

The researcher considered herself an enthusiastic learner who had completed 

courses and degrees as a virtual student, and she was enrolled in a hybrid doctoral 

program at the time of this study.  Her experiences as a virtual learner and virtual teacher 

led the researcher to believe environment can be an integral part of student achievement 

in any class, but she was interested in understanding how environment and student 

achievement interact with the covariates in this study.  

Summary 

As this study was exploratory, the researcher reviewed potential influential 

variables from existing research for inclusion within this study; the researcher identified 

demographic variables, including gender, age, grade level, race/ethnicity, and 

exceptionality, as well as engagement variables, including active time and frequency of 

logins. The researcher utilized multiple regression to identify relationships between 

predictor and outcome variables and build a predictive model for first-time online 

learners in supplemental courses.   The dependent variable was the EOC grade for the 

supplemental online course, and the independent variable was the learning environment, 

identified by the IP address within the LMS data.   
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CHAPTER 4 

RESULTS 

Chapter 1 introduced the study by describing the problem and its significance, the 

research questions, a brief narrative of the history of distance learning and of self-

regulation, limitations to the study, and key terms.  Chapter 2 provided a thorough 

exploration of historical and current research on self-regulation, distance learning, and 

data analytics.  Chapter 3 detailed the design and methodology of the study.  This chapter 

describes the results of the collected and analyzed data that resulted from educational 

data mining (EDM) employed by the researcher to examine possible relationships 

between predictor and outcome variables in regard to academic achievement of seventh- 

and eighth-grade public school students in their first online course. In addition, the 

researcher sought to develop a model to further understand the relationship between 

learning environment and students’ academic achievement in their first online course 

The first section of this chapter restates the research questions.  The next section 

of the chapter describes the sample and variables for the study.  Following the description 

is a discussion of the assumptions for multiple regression and analysis of data for the 

initial data set and an alternative data set.  The last section summarizes the findings from 

the data analysis of both data sets.   

Review of Research Questions 

The research questions for this study were: 
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1. Is there a statistically significant correlation between effort regulation, as 

measured by frequency of logins; engagement, as measured by active time; 

and learning environment of students in their first online course? 

2. Is there a statistically significant correlation between gender, age, grade level, 

exceptionality, or race/ethnicity, and academic achievement, as measured by 

student grades, of students in their first online course? 

3. Does a learning environment predict academic achievement, as measured by 

student grades, of students in their first online course? 

4. Which of the following variables or combinations of variables result in the 

best predictive model for highest and lowest degrees of academic 

achievement, as measured by student grades, of students in their first online 

course: active time in school, active time outside of school, frequency of 

logins in school, frequency of logins out of school, gender, age, grade level, 

exceptionality, and race/ethnicity? 

Characteristics of the Sample 

This study included data from students enrolled in their first synchronous online 

course with the district virtual program.  Additionally, student enrollment had to be 

through a district middle school, not a partnering charter school.  Demographic variables 

included gender, race/ethnicity, grade level, age, and exceptionality, whereas engagement 

variables included active time in and out of school and frequency of logins in and out of 

school. 
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Descriptive Statistics of Demographic Variables 

 As show in Table 4, most data for this study derived from females (n = 51, 

53.7%), while the remaining data came from males (n = 44, 46.3%) enrolled in either 

seventh (n = 2, 2.1%) or eighth grade (n = 93, 97.9%) during the fall 2018 semester.  

Data indicated the population consisted of Caucasian/White (n = 39, 41.1,%), African 

American/Black (n = 22, 23.2 %), Asian (n = 20, 21.1%), Hispanic (n = 12, 12.6%), 

Multiracial (n = 1, 1.1%), and Native Hawaiian/Pacific Islander (n = 1, 1.1%) ethnicities.  

The researcher rounded the age of each student based on the date of enrollment listed in 

the student information system (SIS) and its proximity to the student’s birthdate.  Ages 

included in this study were 13 years (n = 2, 2.1%), 14 years (n = 54, 56.8%), 15 years (n 

= 38, 40.0%), and 16 years (n = 1, 1.1%).  Students listed as having a special need, 

including an Individualized Education Plan (IEP) or 504 plan, or identified as gifted were 

categorized as exceptional (n = 44, 46.3%) with most students categorized as 

nonexceptional (n = 51, 53.7%). 
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Table 4 

Descriptive Statistics of Demographic Variables  

Variable Frequency Percent Cumulative Percent 

Gender    

Male 44 46.3  46.3 

Female 51 53.7 100.0 

Race/Ethnicity    

Caucasian/White 39 41.1   41.1 

African American/Black 22 23.2   64.2 

Asian 20 21.1   85.3 

Hispanic 12 12.6   97.9 

Multiracial   1   1.1   98.9 

Native HI/Pacific Islander   1   1.1 100.0 

Grade Level    

Seventh Grade  2   2.1    2.1 

Eight Grade 93 97.9 100.0 

Age    

13-years-old   2   2.1    2.1 

14-years-old 54 56.8   58.9 

15-years-old 38 40.0   98.9 

16-years-old   1   1.1 100.0 

Exceptionality    

No Exceptionality 51 53.7   53.7 

Exceptionality 44 46.3 100.0 

 

 

Means and Standard Deviations of Engagement Variables 

In terms of engagement, students spent an average of 35.85 hours working in 

school (M = 35.85, SD = 16.48,) with a range of 5.4-89.66 hours, and an average of 15 

hours working out of school (M = 15.00, SD = 15.66), with a range of .07-77.29 hours.  

Students had a higher average of frequency of logins outside of school (M = 103.97, SD = 

38.86) than in school (M = 46.63, SD = 46.71).  End-of-course (EOC) grades included 

scores below and above the passing threshold.  Students averaged a B grade (M = 85.57, 

SD = 11.55) with a range between 10.94 and 98.70.  Table 5 displays these results. 
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Table 5 

Means and Standard Deviations of Engagement Variables 

Variable N Minimum Maximum Mean Std. Deviation 

End-of-Course (EOC) Grade 95 10.94  98.70  85.57 11.55 

Active Time in 95   5.40  89.66  35.85 16.48 

Active Time out 95     .07  77.29  15.00 15.66 

Frequency of Logins in 95   9.00 227.00 103.97 38.86 

Frequency of Logins out 95   2.00 273.00   46.63 46.71 

 

 

Assumptions 

According to Field (2013), multiple regression has nine assumptions.  Regression 

analysis requires a continuous dependent variable with categorical and/or continuous 

predictor variables.  Regression analysis also requires variance between predictor 

variables and no correlation with any external variables.  The data may not include 

influential data points, autocorrelation, or multicollinearity, but it must have normal 

distribution, linearity, and homoscedasticity (Field, 2013).   

Based on Field (2013), the data in this study met all assumptions for multiple 

linear regression.  After running the Durbin-Watson test, the researcher found no 

autocorrelation (d = 1.71).  The data indicated a potential outlier; however, the highest 

Cook’s value, Di = .52, determined there were no influential data points (Field, 2013).  

By analyzing the scatterplot, residual plot, and histogram of regression standardized 

residuals, as shown in Figures 4, 5, and 6, the researcher determined the data set showed 

normally distributed errors, linearity, and homoscedasticity.  The outcome variable was 

continuous, and the researcher assumed independence of observations based on 
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knowledge of data collection methods.  Additionally, results showed no variance inflation 

factor (VIF) above 5.0, which indicated no multicollinearity. 

 

 

 
 

Figure 4. Scatterplot of continuous variables. 
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Figure 5. Histogram of regression standardized residuals. 

 

 

 
Figure 6. Scatterplot of regression standardized residuals. 
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Results 

After meeting the assumptions, the researcher ran and analyzed the multiple 

regression test.  In the following sections, the researcher analyzed the results of the 

multiple regression test and how those results answer each research question.  First, there 

is a discussion of the correlations between variables.  Next, there is a discussion of the 

impact of the predictor variables on the dependent variable based on the regression 

results.   

Research Question 1 

The first research question asked if there is a statistically significant correlation 

between engagement, measured by active time; effort regulation, as measured by the 

frequency of logins; and learning environment of students in their first online course.  

The correlation results, as shown in Table 6, indicated a statistically significant 

correlation between frequency of logins in school and active time in school, r(9, 85) = 

.66, p < .001; these results show a large positive linear relationship between the 

frequency of logins and active time in school.  Additionally, results indicated a 

statistically significant correlation between frequency of logins out of school and active 

time out of school, r(9,85) = .77, p < .001.  Thus, the data indicated a large positive linear 

relationship between the frequency of logins and active time outside of school.  The data 

did not indicate a statically significant correlation between learning environments. 

Research Question 2 

The second research question asked if there is a statistically significant correlation 

between student success, as measured by EOC grade, and gender, age, grade level, 
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exceptionality, or race/ethnicity.  The correlation results, as shown in Table 6, indicated a 

statistically significant correlation between EOC grade and gender, r(9,85) = .18, p = 

.045, and EOC grade and exceptionality, r(9,85) = .18, p = .037.  Both correlations show 

a small positive linear relationship.  The data did not indicate a statistically significant 

correlation between EOC grade and age, grade level, or race/ethnicity.  

 

Table 6 

Correlations between Variables 

  1 2 3 4 5 6 7 8 9 10 

1 End Grade           

2 Gender .175*          

3 Ethnicity  -.071 -.003         

4 Grade Level -.086 .011 .176*        

5 Exceptionality .184* .016 .003 -.158       

6 Age -.067 -.126 .087 .122 .083      

7 Active Time In .148 -.072 .000 .168 .069 .103     

8 Active Time Out .086 .039 -.019 .075 .285** -.134 -.104    

9 Frequency In .188* -.136 .076 .144 -.005 .108 .659*** -.123   

10 Frequency Out .110 -.078 -.022 .052 .255 -.068 -.164 .766*** .092  

Note. N = 95; *p < .05, ** p < .01, ***p < .001. 

 

 

Research Question 3 

 The third research question asked if learning environment predicts academic 

achievement, as measured by EOC grades.  The regression analysis results, as shown in 

Table 7, indicated no statistically significant differences between EOC grades and active 

time in school, p = .718, or out of school, p = .960.  However, the confidence intervals 

indicate that, 95% of the time, students who had higher amounts of active time in school 

had EOC grades .65 points higher than those who had less amounts of active time in 
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school.  Similarly, students who had higher amounts of active time out of school had 

EOC grades .11 points higher than students who had less active time out of school. 

Research Question 4 

The final research question asked which variable or combination of variables is 

the best predictor of the lowest and highest degrees of success.  Although the regression 

analysis did not indicate a statistically significant difference between EOC grades and 

any of the predictor variables, this model represents 13% of the variance in EOC grades.  

Female students had EOC grades 4.66 points higher than male students had.  Students 

identified as Caucasian/White had EOC grades 1.49 points higher than did students 

identified as an ethnic minority.  Students categorized as exceptional had EOC grades 

3.42 points higher than those students categorized as nonexceptional had.  Students in 

seventh grade had EOC grades 7.10 points lower than students in eighth grade had.  

Additionally, students aged 13 and 14 scored 1.37 points lower than did students aged 15 

and 16. 
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Table 7 

Predictors of Academic Achievement in First-Time Online Experiences (N=95) 

Variable B β 95% CI 

Constant    83.15***  [63.81, 102.06] 

Gender 4. 66 .21 [-.10, 9.41] 

Ethnicity  -1.49 -.06 [-6.31, 3.34] 

Exceptionality 3.42 .06 [-2.89, 4.19] 

Grade Level -7.10 -.09 [-24.34, 10.15] 

Age -1.37 -.06 [-6.26, 3.53] 

Active Time in School     .65 .06 [-2.89, 4.19] 

Active Time out of School     .11 .01 [-4.02, 4.23] 

Login Frequency in School     .06 .20 [-.04, .15] 

Login Frequency out of School     .02 .07 [-.07, .11] 

R2     .13   

F    1.45   

Note. N = 95; CI = confidence interval; *p < .05, ** p < .01, ***p < .001. 

 

 

Alternative Data Set: Passing Students 

As there were only six scores below the passing threshold, the researcher retested 

the data set after removing scores below 69.5% to determine if the low scores impacted 

the results of the analysis.  The new data set (N = 89), passing students, included both 

female (n = 49, 55.1%) and male (n = 40, 44.9%) students enrolled in seventh (n = 2, 

2.2%) and eighth (n = 87, 97.8%) grades.  The data set included Caucasian/White (n = 

37, 41.6%), African American/Black (n = 20, 22.5%), Asian (n = 19, 21.3%), Hispanic (n 

= 11, 12.4%), Multiracial (n = 1, 1.1%), and Native Hawaiian/Pacific Islander (n = 1, 

1.1%) ethnicities.  Students ranged in age between 13 (n = 2, 2.2%), 14 (n = 51, 57.3%), 

and 15 (n = 36, 40.4%) years old.  Within this sample (N = 89), students categorized as 
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exceptional (n = 43, 48.3%) were the minority when compared to students categorized as 

nonexceptional (n = 46, 51.7%). 

 

Table 8 

Descriptive Statistics of Demographic Variables for Passing Students 

Variable Frequency Percent Cumulative Percent 

Gender    

Male 40 44.9   44.9 

Female 49 55.1 100.0 

Race/Ethnicity    

Caucasian/White 37 41.6   41.6 

African American/Black 20 22.5   64.0 

Asian 19 21.3   85.4 

Hispanic 11 12.4   97.8 

Multiracial   1   1.1   98.9 

Native HI/Pacific Islander   1   1.1 100.0 

Grade Level    

Seventh Grade    2   2.2   2.2 

Eight Grade 87 97.8 100.0 

Age    

13-years-old   2   2.2    2.2 

14-years-old 51 57.3   59.6 

15-years-old 36 40.4 100.0 

Exceptionality    

No Exceptionality 46 51.7   51.7 

Exceptionality 43 48.3 100.0 

  

 

Passing students spent an average of 36.70 hours working in school (M = 36.70, 

SD = 16.27) with a range of 5.40 hours to 89.66 hours.  Students spent an average of 

14.80 hours working out of school (M = 14.80, SD = 15.77) with a range of .07 hours to 

77.29 hours.  Students had a higher average of frequency of logins outside of school (M = 

105.96, SD = 37.94) than in school (M = 45.74, SD = 46.71).  EOC grades included 
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scores below and above the passing threshold.  Students averaged a B grade (M = 87.74, 

SD = 6.14) with a range between 71.28 and 98.70. 

 

Table 9 

Means and Standard Deviations of Engagement Variables for Passing Students 

Variable N Minimum Maximum Mean Std. Deviation 

End-of-Course (EOC) Grade 89 71.28   98.70  87.74   6.14 

Active Time in 89    5.40   89.66  36.70 16.27 

Active Time out 89      .07   77.29  14.80 15.77 

Frequency of Logins in 89   9.00 227.00 105.96 37.94 

Frequency of Logins out 89   2.00 273.00  45.74 46.91 

 

 

Before running the multiple regression analysis, the researcher reviewed the 

assumptions for this new data set.  The Durbin-Watson test indicated no autocorrelation 

(d = 1.67).  The scatterplot, residual plot, and histogram of regression standardized 

residuals showed normally distributed errors, linearity, and homoscedasticity (see 

Figures 7, 8, and 9).  The outcome variable was continuous, there were no influential 

data points, and the researcher assumed independence of observations based on 

knowledge of data collection methods.  Again, results showed no variance inflation factor 

(VIF) above 5.0, which indicated no multicollinearity. 
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Figure 7. Scatterplot of continuous variables for passing students. 

 

 

 
Figure 8. Histogram of regression standardized residuals for passing students. 
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Figure 9. Scatterplot of regression standardized residuals for passing students. 

 

 

Research Question 1 in Terms of Passing Students 

The first research question asked if there is a statistically significant correlation 

between engagement, measured by active time; effort regulation, as measured by the 

frequency of logins; and learning environment of students in their first online course.  

Similar to the first analysis, the correlation results, as shown in Table 10, indicated a 

statistically significant correlation between frequency of logins in school and active time 

in school, r(9,79) = .63, p < .001; these results show a large positive linear relationship 

between the frequency of logins and active time in school.  Additionally, results indicated 

a statistically significant correlation between frequency of logins out of school and active 

time out of school, r(9,79) = .77, p < .001.  Thus, the data indicated a large positive linear 

relationship between the frequency of logins and active time outside of school.  Unlike 
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the first analysis, the results of the second regression analysis showed a statistically 

significant correlation between frequency of logins out of school with active time in 

school, r(9,79) = -.20, p = .033, indicating a small, negative linear relationship. 

Research Question 2 in Terms of Passing Students 

The second research question asked if there is a statistically significant correlation 

between student success, as measured by EOC grade, and gender, age, grade level, 

exceptionality, or race/ethnicity.  The correlation results, as shown in Table 10, indicated 

a statistically significant correlation between EOC grade and ethnicity, r(9,79) = -.20, p = 

.026, indicating a small negative linear relationship.  The data did not indicate a 

statistically significant correlation between EOC grade and gender, age, grade level, or 

exceptionality.  

 

Table 10 

Correlations between Variables for Passing Students 

  1 2 3 4 5 6 7 8 9 10 

1 End Grade           

2 Gender .110          

3 Ethnicity  -.207* .017         

4 Grade Level -.113 .015 .180*        

5 Exceptionality .110 -.030 .040 -.157       

6 Age .072 -.084 .091 .125 .119      

7 Active Time In -.082 -.125 .026 .184* .004 .133     

8 Active Time Out .116 .045 -.043 .075 .313*** -.141 -.117    

9 Frequency In -.052 -.202* .101 .161 -.076 .142 .626*** -.158   

10 Frequency Out .216* -.095 -.024 .051 .265** -.068 -.196* .760*** .062  

Note. N = 89; *p < .05, ** p < .01, ***p < .001. 
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Research Question 3 in Terms of Passing Students 

The third research question asked if learning environment predicts academic 

achievement, as measured by EOC grades.  The regression analysis results, as shown in 

Table 11, indicated no statistically significant differences between EOC grades and active 

time in school, p = .744, or out of school, p = .298.  However, the confidence intervals 

indicate that, 95% of the time, students who had higher amounts of active time in school 

had EOC grades .40 points higher than did those who had less amounts of active time in 

school.  Students who had higher amounts of active time out of school had EOC grades 

1.38 points lower than did students who had less active time out of school. 

Research Question 4 in Terms of Passing Students 

The final research question asked which variable or combination of variables is 

the best predictor of the lowest and highest degrees of success.  Results indicated a 

statistically significant difference between EOC grades and frequency of logins outside of 

school.  The confidence intervals indicate that, 95% of the time, EOC grades for students 

with higher frequencies of logins out of school were .07-4.83 points higher than EOC 

grades for students with lower frequencies of logins out of school.  Although the 

regression analysis did not indicate a statistically significant difference between EOC 

grades and any additional predictor variables, this model represents 14% of the variance 

in EOC grades.  Female students had EOC grades 4.24 points higher than those of male 

students.  Students identified as Caucasian/White had EOC grades .29 points higher than 

those of students identified as an ethnic minority.  Students categorized as exceptional 

had EOC grades .54 points higher than those of students categorized as nonexceptional.  
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Students in seventh grade had EOC grades 3.61 points lower than those of students in 

eighth grade.  Additionally, students aged 13 and 14 scored 1.40 points lower than did 

students aged 15 and 16. 

 

Table 11 

Predictors of Academic Achievement in First-Time Online Experiences for Passing 

Students (N=89) 

 

Variable B β 95% CI 

Constant    91.08***  [80.01, 102.14] 

Gender 4.24 .18 [-.44, 8.93] 

Ethnicity  -0.29 -.03 [-2.26, 1.68] 

Exceptionality    .54 .04 [-2.34, 3.42] 

Grade Level -3.61 -.09 [-12.81, 5.59] 

Age 1.40 .11 [-1.30, 4.11] 

Active Time in School    .40 .07 [-1.52, 2.33] 

Active Time out of School -1.38 -.23 [-3.68, .91] 

Login Frequency in School   -.84 -.13 [-2.89, 1.20] 

Login Frequency out of School       2.45**      .40** [.07, 4.83] 

R2     .14   

F   1.48   

Note. N = 89. CI = confidence interval; *p < .05, ** p < .01, ***p < .001. 

 

 

Summary 

The purpose of this study was to explore the relationship between demographic 

and engagement variables and student achievement for public middle school students 

enrolled in their first asynchronous, supplemental online course.  The researcher used a 

multiple regression test to determine if effort regulation had a statistically significant 

correlation with learning environment.  Additionally, the researcher analyzed data for 
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statistically significant correlations between demographic variables and EOC grades.  

Data were also analyzed to determine if learning environment predicted student success.  

Finally, the researcher analyzed data to determine which, if any, variables or combination 

of variables may predict the highest and lowest degrees of student success.   

The researcher analyzed data in two ways.  The first regression test analyzed the 

full data set, whereas the second regression test analyzed students with an EOC grade 

above the passing threshold.  The data for the first regression analysis indicated 

statistically significant correlations between effort regulation and learning in school, as 

well as effort regulation and learning out of school, but no statistically significant 

relationships between learning environments.  Similarly, data showed a statistically 

significant correlation between EOC grades and gender, as well as EOC grades and 

exceptionality.  Data indicated there was no statistically significant difference between 

learning environment and EOC grades nor were there any variables identified as 

statistically significant variables predictors. 

The second regression test analyzed cases with end grades above the passing 

threshold to determine if the few low scores impacted the results of the test.  The data for 

the second regression analysis indicated a statistically significant correlation between 

effort regulation and learning in school and effort regulation and learning out of school.  

This analysis also indicated a statistically significant correlation between effort regulation 

out of school and learning in school.  Data showed a statistically significant correlation 

between EOC grades and ethnicity.  Although data indicated no statistically significant 
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difference between learning environment and EOC grades, there was a statistically 

significant difference between effort regulation out of school and EOC grades.  

Chapter 5 revisits the purpose of the study and the research questions.  

Additionally, the researcher discusses the results of the study, as presented in Chapter 4.  

Chapter 5 also presents the limitations and implications of the study.  Finally, the 

researcher provides suggestions for further investigation. 
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CHAPTER 5 

CONCLUSIONS, IMPLICATIONS, AND RECOMMENDATIONS 

 Chapter 1 introduced the study.  Chapter 2 reviewed the theoretical foundations of 

social-cognitivism and self-regulation, the historical development of distance learning, 

and previous research describing the various components of this study.  Chapter 3 

provided a detailed description for the study methods and design.  Chapter 4 presented 

the results of the study.  This final chapter discusses the conclusions, implications, and 

limitations of this study, as well as the potential scope for future research. 

Review of the Study 

The purpose of this quantitative study was to investigate possible correlations 

between variables and academic achievement of seventh and eighth grade middle school 

students enrolled in their first asynchronous supplemental online course.  Additionally, 

this study attempted to establish a model to better understand the relationship between 

learning environment and academic achievement for students in their first online course.  

The researcher utilized archival data from the fall 2018 semester. 

Research Questions Revisited 

The research questions for this study were: 

1. Is there a statistically significant correlation between effort regulation, as 

measured by frequency of logins; engagement, as measured by active time; 

and learning environment of students in their first online course? 
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2. Is there a statistically significant correlation between gender, age, grade level, 

exceptionality, or race/ethnicity, and academic achievement, as measured by 

student grades, of students in their first online course? 

3. Does a learning environment predict academic achievement, as measured by 

student grades, of students in their first online course? 

4. Which of the following variables or combinations of variables result in the 

best predictive model for highest and lowest degrees of academic 

achievement, as measured by student grades, of students in their first online 

course: active time in school, active time outside of school, frequency of 

logins in school, frequency of logins out of school, gender, age, grade level, 

exceptionality, and race/ethnicity? 

Discussion 

Chapter 4 presented the detailed results of the multiple regression tests and 

analyses.  The study included learning management system (LMS) archival data from 

seventh and eighth grade middle school students enrolled in their first asynchronous 

supplemental online course in the fall 2018 semester.  The results of both regression tests 

yielded some statistically significant relationships and differences.  However, neither 

regression analysis produced a statistically significant difference between academic 

achievement and learning environment.   

Research Question 1 

The first research question asked, “Is there a statistically significant correlation 

between effort regulation, as measured by frequency of logins; engagement, as measured 
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by active time; and learning environment of students in their first online course?”  The 

correlation results for regression analysis 1, as shown in Chapter 4, indicated a 

statistically significant correlation between frequency of logins in school and active time 

in school, r(9,85) = .66, p < .001, and between frequency of logins out of school and 

active time out of school, r(9,85) = .77, p < .001.  These results both show a large 

positive linear relationship between the frequency of logins and active time in school and 

the frequency of logins and active time outside of school.   

Similar to the first analysis, the correlation results for regression analysis 2 

indicated a statistically significant correlation between frequency of logins in school and 

active time in school, r(9,79) = .63, p < .001, and between frequency of logins out of 

school and active time out of school, r(9,79) = .77, p < .001.  Thus, the data indicated a 

large positive linear relationship between the frequency of logins and active time inside 

of school, as well as between frequency of logins and active time outside of school.  The 

results of the second regression analysis also showed a statistically significant correlation 

between frequency of logins out of school with active time in school, r(9,79) = -.20, p = 

.033, indicating a small, negative linear relationship.   

Data analysis from both regression tests indicated higher levels of effort 

regulation had a large, positive correlation to higher levels of engagement in their 

respective learning environments.  Additionally, the second regression analysis indicated 

higher frequency of logins out of school correlated to less engagement in school.   

Previous research indicated higher levels of activity out of school when compared 

to in school (Barbour & Hill, 2008; Montgomery et al., 2019).  Although they studied a 
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different population, Barbour and Hill (2008) found high school students typically do not 

use their scheduled school time to work on their classes, whereas Montgomery et al. 

(2019) found university students accessed their online courses off-campus even after 

attending face-to-face classes on-campus.  The number of hours of active engagement in 

school (regression analysis 1, M = 35.85, SD = 16.48; regression analysis 2, M = 36.70, 

SD = 16.27) compared to the number of active engagement out of school (regression 

analysis 1, M = 15.00, SD = 15.66; regression analysis 2, M = 14.80, SD = 15.77) appear 

to contradict those findings.  However, effort regulation and engagement out of school 

have a stronger correlation than effort regulation and engagement in school.   

Research Question 2 

The second research question asked, “Is there a statistically significant correlation 

between gender, age, grade level, exceptionality, or race/ethnicity, and academic 

achievement, as measured by student grades, of students in their first online course?”  

The correlation results of regression analysis 1 indicated a statistically significant 

correlation between end-of-course (EOC) grade and gender, r(9,85) = .18, p = .045, and 

EOC grade and exceptionality, r(9,85) = .18, p = .037.  Both correlations show a small 

positive linear relationship.  The correlation results for regression analysis 2 indicated a 

statistically significant correlation between EOC grade and ethnicity, r(9,79) = -.21, p = 

.026, indicating a small negative linear relationship.   

Gender.  The first regression analysis indicated a small positive linear relationship 

between gender and academic achievement, p = .045.  However, neither analysis found a 

statistically significant difference between gender and academic achievement, which may 
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indicate the correlation between these two variables is inconsequential.  These findings 

support the mixed results of previous research.  Cho and Kim (2013) found no 

statistically significant correlations between gender and academic success; Hung et al. 

(2012) found female students had higher levels of engagement and higher academic 

performance.  However, both of these studies focused on college and university students.  

Lowes et al. (2015) studied high school students and found female students had higher 

rates of engagement when compared to male students, but the correlation between 

engagement and academic achievement was higher for male students when compared to 

female students. 

Age.  Neither regression analysis found a statistically significant correlation 

between age and academic achievement: regression analysis 1, r(9,85) = -.07, p = .580; 

regression analysis 2, r(9,79) = .07, p = .305.  Additionally, results indicated a lack of 

statistically significant correlations between age and the other predictor variables.  These 

findings contradict the findings of Hung et al. (2012), since their study results indicated 

younger students typically had higher levels of academic achievement when compared to 

older students.  Alternatively, Cho and Kim (2013) found older students typically had 

higher levels of academic achievement when compared to younger students.  However, 

these two studies focused on older students in high school, college, and university and 

had a larger range of ages among participants.   

Grade level.  Both regression analyses included students in seventh and eighth 

grades (seventh grade, n = 2).  Neither regression analyses found a statistically significant 

correlation between grade level and academic achievement: regression analysis 1, r(9,85) 
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= -.09, p = .416; regression analysis 2, r(9,79) = -.11, p = .437, which the findings of 

Cavanaugh et al. (2004) in their meta-analysis.  Results indicated older students had 

minutely lower levels of academic success.  The second regression analysis found a 

statistically significant correlation between grade level and engagement in school: r(9,79) 

= .18, p = .042, indicating students in the higher grade level had higher levels of 

engagement while working in school, which supports previous research (Cho & Kim, 

2013; Liu & Cavanaugh, 2011).  However, it is important to note previous research 

focused on predominantly high school (Liu & Cavanaugh, 2011) and college and 

university students (Cho & Kim, 2013).  Liu and Cavanaugh (2011) also stated most of 

the students in upper grade levels took the online course as a form of credit recovery, 

which students had already experienced the content of the course prior to taking their 

online class. As previously mentioned, the lack of variability within this group may 

impact findings.   

Exceptionality.  The first regression analysis found a statistically significant 

correlation between exceptionality and academic achievement, r(9,89) = .184, p = .  Both 

regression analyses indicated a statistically significant correlation between exceptionality 

and engagement out of school, regression analysis 1, r(9,89) = .29, p = .034; regression 

analysis 2, r(9,79) = .27, p < .001, whereas the second regression analysis indicated a 

statistically significant correlation between exceptionality and effort regulation out of 

school, r(9,79) = .27, p = .006.   Neither regression analysis found statistically significant 

differences between exceptionality and academic success: regression analysis 1, p = .183; 

regression analysis 2, p = .685.  These findings support previous research for at-risk 
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middle school students (Cleary et al., 2017) but contradict previous research for students 

with IEP’s enrolled in part-time or full-time online courses (Liu & Cavanaugh, 2011).  

Additionally, the results contradict previous research on gifted middle school students.  

Wallace (2009) found students labeled as gifted were highly successful in online courses 

with an average A grade.  Similarly, Swan et al. (2015) found students enrolled in 

supplemental online courses had high achievement rates in their courses with 100% of 

the 45 participants successfully completing their courses.  However, Wallace (2009) 

conducted a quantitative study and primarily investigated differences between age 

groups, while Swan et al. (2015) conducted a qualitative study and identified themes.  

Since all the participants identified as gifted within both studies (Swan et al., 2015; 

Wallace, 2009), neither study used exceptionality as a predictor variable nor discussed 

differences within exceptionalities. 

Race/Ethnicity.  Unlike the first regression analysis, the second regression 

analysis found a statistically significant correlation between race/ethnicity and academic 

achievement, r(9,79) = .20, p = .026.  Neither regression analyses reported a statistically 

significant difference between race/ethnicity and academic achievement; however, the 

ethnic minority group appeared to earn .29 points less than the Caucasian/White group 

earned, which supported Liu and Cavanaugh’s (2011) findings.  Previous research 

indicated no statistically significant difference between race/ethnicity and academic 

achievement (Finch & Obradović, 2017; Liu & Cavanaugh, 2011). 
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Research Question 3 

The third research question asked, “Does a learning environment predict 

academic achievement, as measured by student grades, of students in their first online 

course?”  Results from both regression analyses indicated no statistically significant 

differences between EOC grades and active time in school, regression analysis 1,  p = 

.718; regression analysis 2, p = .744, or out of school, regression analysis 1, p = .960; 

regression analysis 2, p = .298.  However, the results of the first regression analysis 

indicated students who had higher amounts of engagement in school had EOC grades .65 

points higher than those who had less amounts of engagement in school.   

Similarly, the second regression analysis indicated students who had higher levels 

of engagement in school had EOC grades .40 points higher than those who had less 

amounts of engagement in school, while students who had higher amounts of engagement 

out of school had EOC grades 1.38 points lower than students who had less engagement 

out of school.  Barnes et al. (2008) also found no statistically significant differences 

between academic achievement and level of engagement within different learning 

environments for college students.  However, Montgomery et al. (2019) found a 

statistically significant difference between academic achievement and learning 

environments with 84.5% of engagement occurring off-campus. 

Research Question 4 

The final research question asked, “Which of the following variables or 

combinations of variables result in the best predictive model for highest and lowest 

degrees of academic achievement, as measured by student grades, of students in their first 
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online course: active time in school, active time outside of school, frequency of logins in 

school, frequency of logins out of school, gender, age, grade level, exceptionality, and 

race/ethnicity?”  Although the first regression analysis did not indicate a statistically 

significant difference between EOC grades and any of the predictor variables, the second 

regression analysis indicated a statistically significant difference between the frequency 

of logins out of school and academic achievement, p =.045.  Students who had higher 

levels of effort regulation out of school typically had higher academic achievement when 

compared to students with lower levels of effort regulation out of school, which supports 

some previous research (Barbour & Hill, 2011; Montgomery et al., 2019).  Montgomery 

et al. (2019) found a statistically significant difference between engagement out of school 

and academic achievement.   

Alternatively, Lee and Recker (2017) found students with higher frequency of 

logins had lower levels of academic achievement.  However, researchers converted EOC 

grades into categorical variables indicating pass or fail and did not notate learning 

environment for the frequency of logins.  Barbour and Hill (2011) studied high school 

students, whereas Lee and Rucker (2017) and Montgomery et al. (2019) studied college 

and university students.    

Overall, the first regression model represented 13% of the variance in academic 

achievement, while the second regression model represented 14% of the variance in 

academic achievement.  The first regression analysis results showed female students had 

EOC grades 4.66 points higher than male students (Lowes et al., 2015).  Students 

categorized as Caucasian/White had EOC grades 1.49 points higher than students 
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identified as an ethnic minority (Liu & Cavanaugh, 2011).  Students categorized as 

exceptional had EOC grades 3.42 points higher than those students categorized as 

nonexceptional (Liu & Cavanaugh, 2011; Swan et al., 2015; Wallace, 2009).  Students in 

seventh grade had EOC grades 7.10 points lower than students in eighth grade (Cho & 

Kim, 2013).  Additionally, students aged 13 and 14 scored 1.37 points lower than 

students aged 15 and 16 (Cho & Kim, 2013).   

The second regression analysis results showed female students had EOC grades 

4.24 points higher than male students (Hung et al., 2012).  Students categorized as 

Caucasian/White had EOC grades .29 points higher than students categorized as an ethnic 

minority (Liu & Cavanaugh, 2011).  Students categorized as exceptional had EOC grades 

.54 points higher than those students categorized as nonexceptional (Liu & Cavanaugh, 

2011; Swan et al., 2015; Wallace, 2009).  Students in seventh grade had EOC grades 7.10 

points lower than students in eighth grade (Cho & Kim, 2013).  Additionally, students 

aged 13 and 14 years scored 1.40 points lower than students aged 15 and 16 (Cho & Kim, 

2013). 

Although this study did not include the total time students spent actively engaged 

in their courses or the total frequency of effort regulation, the results for the first 

regression analysis indicated a statistically significant correlation between total active 

engagement and academic achievement, r(9,85) = .18, p = .040, as well as a statistically 

significant correlation between total frequency of effort regulation and academic 

achievement, r(9,85) = .20, p = .028.  This indicates that higher levels of engagement and 

effort, regardless of learning environment, had a positive, linear relationship with 
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academic achievement (Corno & Mandinach, 2004; Montgomery et al., 2019; Wang & 

Holcombe, 2010).   

However, the second regression analysis did not show a statistically significant 

correlation between total active engagement or total frequency of effort regulation and 

academic achievement, regression analysis 1, r(9,79) =.027, p = .401; regression analysis 

2, r(9,79) = .132, p = .110.  Neither regression analysis 1 or 2 indicated a statistically 

significant difference between total amount of engagement (regression analysis 1, p .464; 

regression analysis 2, p = .647) or total frequency of effort regulation (regression analysis 

1, p .786; regression analysis 2, p = .055), which supports previous research for fall 

semester online courses (Liu & Cavanaugh, 2011). 

Conclusions 

This study addressed four research questions related to self-regulation, 

demographics, and academic achievement within asynchronous, supplemental online 

experiences.  The first regression data analysis revealed statistically significant 

correlations between engagement and effort regulation in the school learning 

environment and between engagement and effort regulation in the out of school learning 

environment.  Data also indicated a statistically significant correlation between academic 

achievement and gender as well as academic achievement and exceptionality.  The 

second regression data analysis revealed statistically significant correlations between 

engagement and effort regulation in the school learning environment, between 

engagement and effort regulation in the out of school learning environment, and between 

engagement in the school environment and effort regulation in the out of school 
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environment.  Data showed a statistically significant correlation between academic 

achievement and ethnicity. 

 The analysis for both regression tests failed to indicate a statistically significant 

difference between learning environment and academic achievement.  Similarly, the first 

regression analysis indicated no statistically significant predictors of academic 

achievement.  However, the second regression analysis showed a statistically significant 

difference between academic achievement and effort regulation in the out of school 

learning environment.   

Implications 

Georgia Senate Bill 289 allows students to choose online course options to 

supplement their learning where online courses replace the traditional face-to-face course 

(Basham et al., 2013).  Students in online courses need higher levels of motivation 

because of the “autonomous nature of [the] online learning environments compared to 

traditional classroom contexts” (Artino & Stephens, 2009, p. 147; Barnard et al., 2009).  

The goal of this study was to add to the existing body of research and provide school and 

district educational leaders additional data to support their students enrolled in online 

courses.  However, the implications of this study may also impact students and their 

parents.   

School leaders, including instructional and administrative leaders at the school 

and district level, can support students in online courses in a variety of ways.  As reported 

in this study, students averaged approximately 36-37 hours of active engagement within 

school learning environments.  However, both regression analyses failed to indicate a 
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statistically significant difference between learning environment and academic 

achievement.  Therefore, school personnel need to establish classroom environments that 

promote academic achievement as research suggests physical learning environments 

convey assumptions (Sjöblom et al., 2016), which means students use their past 

experiences in different settings to inform their behavior choices (Bandura, 1977; 

Sjöblom et al., 2016).  Administrators should revisit the available learning spaces to 

ensure there is adequate seating, lighting, and thermal conditions for students to work 

(Choi et al., 2014).  In online settings, there may be several teachers connected to a 

student’s learning experience.  It is important for teachers to communicate with students 

and their fellow teachers to support student learning.  Teachers in charge of instruction 

provide access to the curriculum and support student learning just as traditional, face-to-

face teachers; however, in the online classroom, the way a teacher provides access and 

support may look different.  Teachers should remember feedback may support and 

increase motivation levels of middle school students, and self-regulated learning (SRL) 

support may increase SRL strategy use for middle school students (Dresel & Haugwitz, 

2008).  Teachers in charge of supervising students are typically those within the school 

building.  They may not hold an official teaching role, but they support students within 

their physical learning environment.  Regardless of the role, teachers responsible for any 

aspect of students’ online learning experiences should establish clear expectations with 

their students and maintain those expectations throughout the course of the school year.   

Based on the findings in this present study, teachers should also be aware of 

students who may need additional support.  However, it is important to note the findings 
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between demographic data, including gender, age, grade level, race/ethnicity, and 

exceptionality, academic achievement, and engagement are meant to inform stakeholders 

about the potential need for additional support.  These findings are not intended to serve 

as indicators for achievement in online courses.   

Students averaged approximately 15 hours of active engagement within non-

school learning environments, which means 39% of student engagement occurred outside 

of school settings.  The present study’s findings indicated students who access their 

online course more frequently out of school have higher levels of academic success.  

Although this present study did not identify the location of those out of school learning 

environments, middle students have somewhat limited options due to lack of personal 

transportation.  Therefore, like teachers and administrators, parents should be aware of 

the student’s online course and its requirements.  When possible, parents should provide 

students with a quiet, well-lit workspace.  If accessibility to technology is a concern, 

parents should reach out to the school and online teacher.  Many schools have resources 

to support students who do not have a device or access to the Internet. 

Finally, students must engage in their coursework.  The results of this study 

indicated students spent approximately 51-52 hours actively engaged in their learning 

with 94% of the students successfully completing their first online course.  Student 

perceptions of the learning environment may impact academic achievement (Wang & 

Holcombe, 2010), so students should initiate conversations with their supervising and 

instructional teacher(s) as well as their parents to ensure the learning environment is 

conducive to learning.  Self-regulation develops over time (Bandura, 1977), and self-
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regulation skills are directly connected to academic and behavioral success in secondary 

(Dembo & Eaton, 2000) and higher education learning environments (Lemberger & 

Krauss, 2013).   

Limitations 

The following sections describe potential threats to the research design.  The 

researcher presents threats as potential because archival data did not include information 

to conclusively determine if the threat occurred or the factor was influential.  

Additionally, this research study did not explore all data provided in the archival data. 

Threat of Low Statistical Power within Groups 

It is important to recognize the minimal occurrence of statistically significant 

relationships between variables and statistically significant differences between variables 

as a potential power limitation.  The researcher conducted a power analysis to determine 

the minimum sample size for this study; however, a lack of cases may influence the 

exploration of differences between variables (Field, 2013).  For example, this study 

included 95 cases of which only two, or 2.1%, of the sample population listed as seventh 

graders.  Likewise, the researcher included cases below and above the passing threshold, 

or 70%; however, only six cases fell below the passing threshold.  Limited cases within 

each group may create a low statistical power threat to validity. 

Novelty and Disruption Effect 

As this was the first online experience for students, it is possible the novelty of 

this new way of learning influenced student motivation and level of academic success.  

Innovation may “breed excitement, energy, and enthusiasm” (Shadish et al., 2002, p. 79) 
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or be “quite disruptive” (p. 79).  This study did not investigate intervals between logins or 

regularity of behaviors over the duration of the course, which may provide evidence of 

this construct validity threat.   

Learning Analytics 

Trace data from an LMS provided a vast amount of information, but the type of 

data varies between LMS platforms.  Although previous research supports using active 

time and frequency of logins as self-regulatory data points, other variables may provide a 

stronger connection between engagement, learning environment, and academic 

achievement (Lowes et al., 2017).  Additionally, LMS trace data provide a single data 

point representing a specific behavior, so interpretations of these behaviors and their 

relationship with other variables provide a limited view without being able to explain 

how or why relationships between variables do or do not occur (Lowes at al., 2017; 

Montgomery et al., 2019).   

Active and Total Time 

 This study only utilized active time and frequency of logins for active time as 

variables.  The LMS provided data on total time and total frequency as well as idle time; 

however, the researcher intentionally omitted those variables.  Without qualitative data, 

idle time does not provide any insight into student behavior beyond their lack of activity 

within the platform.  By itself, lack of activity within the platform does not equate to lack 

of engagement.  Including total time and total frequency may provide an additional 

perspective; however, since the researcher omitted idle time and the total time and 

frequency include idle time, the researcher also omitted total time and frequency.  



143 

 

Future Research 

It appears research often provides more questions than it answers.  This 

exploratory study lays a foundation for future research in a variety of areas.  The 

following areas of interest include further exploration of the variables included within 

this study, additional variables to investigate, and other forms of data and analysis; 

however, this is not an exhaustive list.  The current research on primary and secondary 

online education experiences is sparse, which provides endless possibilities for 

exploration and investigation.   

Variables 

This study is a preliminary step for researching the student learning relationship 

within online courses at the middle school level.  The researcher used the exploratory 

nature of this study to view the data from a broad perspective.  Future researchers may 

examine the variables presented in this study in a more specific and focused way or 

investigate how the existing variables interact with new variables.  

Trace data within the LMS.  This study utilized logged active time and frequency 

of logins provided by the LMS.  However, there is a tremendous amount of data available 

within the LMS.  Instead of focusing on total active time, researchers may want to 

investigate the specific intervals between active sessions and when they occurred during 

the school week as a partial or full replication of Li et al.’s (2018) study, which 

investigated self-regulation in terms of pacing, anti-procrastination, and active session 

intervals.  Although intervals between activity connects to frequency of logins, this 

variable focuses on the time between logins throughout the day, week, and/or course.  
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Existing research utilized the regularity or irregularity of logins as an indicator of SRL 

time management (Lee & Recker, 2017; Jo et al., 2016).  Li et al. (2018) investigated 

behavioral and learning outcomes where behavioral data included total “number of 

completed quizzes, total access time, reviewing time, score of completed quizzes, anti-

procrastination, irregularity of study interval, [and] pacing” (p. 5).  In this case, anti-

procrastination identified how far in advance students completed units and quizzes; 

irregularity of study intervals identified the frequency of logins and the distance between 

logins; and pacing identified how closely a student adhered to the assignment calendar 

for the course.  Findings indicated students who consistently accessed and completed 

their work had higher levels of performance, while students who inconsistently accessed 

or procrastinated had lower levels of performance.  Li et al.’s (2018) findings support 

previous research where higher levels of online engagement correlated to higher 

academic performance among International Baccalaureate (IB) high school students 

(Lowes et al., 2015) and college students (Jo et al., 2016).  The type and detail of data 

will differ between LMSs; however, researchers may also focus on the amount of time 

students spend in specific tasks and, perhaps, combine this data with interviews and/or 

observations of students within their learning environment.    

Exceptionality.  In education, exceptionality includes students receiving special 

education services as well as students identified as talented and gifted.  This study used 

exceptionality as a category without designation to the type of exceptionality.  Since 

Georgia Senate Bill 289 provides all students with the choice of educational delivery, 

identifying the type of exceptionality may provide unique and insightful information on 
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how students operating at both ends of the exceptionality spectrum approach an online 

learning experience. 

Ethnicity.  Due to the low sample size within groups, the researcher created two 

groups: Caucasian/White and Ethnic Minority.  Within the ethnic minority group, 

students represented African American/Black, Asian, Hispanic, Multiracial, and Native 

Hawaiian/Pacific Islander ethnicities.  A larger population of students identified as ethnic 

minorities would allow an investigation within and between ethnicities. 

Scheduled Time   

Scheduled work time, also known as time of day, indicates the time in which 

student schedules dictate which course students attend.  According to Wile and Shouppe 

(2011), elementary schools offer core subjects prior to lunch, and high schools randomize 

their courses, so there is no consistency for specific subject areas.  Research indicates 

students taught during their preferred time of day have increased academic achievement 

(Wile & Shouppe, 2011).  In Pope’s (2016) study, data indicated rearranging school 

schedules for middle and high school students may lead to increases in academic 

achievement and test scores.  Pope (2016) analyzed school schedules, student information 

system data, standardized test scores, and EOC grades.  Specifically, Pope (2016) 

recommended schools should move English and math courses, as well as other subject 

areas evaluated by standardized assessments, to the morning.   

In a similar investigation, Durães et al. (2018) explored attention levels of 13 high 

school art students engaged in technology-based lessons each week from 8:30-11:00 AM.   

Students participated in a lesson or assessment each week, and the data indicated students 
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spent more time in task-related activities when involved with an assessment.  

Alternatively, students engaged in lessons spent less time on task-related activities.  

However, Durães et al. (2018) indicated statistically significant correlation between 

attention to task and student achievement.  Unfortunately, the results of the study are not 

easily generalized as Durães et al. (2018) noted the teacher identified all 13 participants 

as academically excellent students and the lack of difficulty for the lesson and assessment 

Additionally, Durães et al. (2018) stated, “Each student has his/her learning styles and 

reacts differently on different days of the week and even in different times of the day” (p. 

52).  Thus, the preset morning work time may not provide a true representation of student 

behavior.    The findings of this study suggest students spend more time working in 

school settings (regression analysis 1, M = 35.85, SD = 16.48; regression analysis 2, M = 

36.70, SD = 16.27) than in out of school settings (regression analysis 1, M = 15.00, SD = 

15.66; regression analysis 2, M = 14.80, SD = 15.77), so a deeper investigation into the 

nuances of those school settings is necessary.   

Previous academic achievement.  Grade point average (GPA), calculated at the 

high school level, represents the level of previous academic success.  Students in 

elementary and middle school typically do not take credit-based courses; therefore, they 

do not have a GPA calculation on their report cards; however, researchers could use a 

different variable to represent previous academic achievement for students in elementary 

and middle school.  GPA is one variable colleges and universities use to determine a 

student’s likelihood of achievement if admitted to the higher education institution.  

Within high schools, GPA is calculated in two ways: unweighted and weighted.  
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Unweighted GPA uses a 4.0 scale and does not consider the course level.  Weighted GPA 

uses a 5.0 scale and gives additional points for honors and advanced placement courses.  

In college and university settings, GPA is unweighted (Asarta & Schmidt, 2017).  All 

course final grades are added together and divided by the number of courses to determine 

the GPA score, and since grades are used to calculate GPA, it is assumed, the higher your 

GPA, the more successful you are as a student.  As GPA is not calculated at the 

elementary and middle school levels, there is no research available for those populations.  

In addition, there is limited research available on GPA as a predictor variable for students 

in nontraditional educational settings.   

Asarta and Schmidt (2017) investigated whether high school GPA could predict 

student achievement in a blended course and traditional face-to-face course at the 

university level.  The findings indicated students with lower GPA scores did better in the 

traditional course, while students with higher GPA scores succeeded in both instructional 

environments.  Thus, GPA may be a predictor for student achievement in nontraditional 

settings.  The study focused primarily on first-year college students, even though the 

GPA used in the study came from student high school experiences.  Additional research 

is necessary to determine if GPA may predict student achievement at the K-12 level 

within supplemental course experiences.   

Socioeconomic status.  After receiving IRB approval from the school district, the 

researcher learned it is illegal for public-school districts to share the socioeconomic status 

of individual students, which explains the lack of socioeconomic data in existing 

research.  However, future research may include the socioeconomic status of various 
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schools as a variable.  Campbell (2009) found students grouped in the low socioeconomic 

level lacked engagement, but he also stated there may be other factors such as low self-

efficacy or motivation, lack of applicable skills, or low educational value of the task. 

Research also indicates the influence of socioeconomic levels on student 

achievement may lessen with higher levels of parental self-efficacy and learner prosocial 

behaviors (Bandura et al., 1996).  However, Bandura’s (2002) study appeared to 

contradict those findings as he reported, “Socioeconomic status and family structure 

affect behavior through their impact on people’s sense of self-efficacy, aspirations, and 

affective self-regulatory factors rather than directly” (p. 278).  Thus, although 

socioeconomic status may not directly influence student achievement, it may influence 

student cognition, motivation, and behavior, which may indirectly influence student 

achievement.  As engagement and motivation are essential components of online 

learning, this may be an interesting and insightful avenue to explore. 

Subject area.  Hung et al. (2012) found female students enrolled in world 

language courses had higher level of engagement and academic achievement when 

compared to male students and other subject areas at the college and university level.  

Numerous course options are available to students, and one area to investigate may be the 

differences between subject areas.  The researcher collected data on subject areas but did 

not include subject as a variable.  Of the 95 cases included in the study, 87 came from 

world language courses; therefore, a comparison between subject areas did not 

materialize in this study.  However, an investigation of the differences within a subject 

area such as world language could develop from the archival data utilized in this study.   
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Comparisons 

As mentioned previously, with additional cases within each variable, researchers 

may compare academic achievement among students in a variety of ways.  Additionally, 

the findings of this study indicated students average 36.70-35.85 hours working on their 

online courses at school and 14.80-15.00 hours working on their online courses out of 

school.  One potential avenue to explore may be the differences among settings between 

schools as well as more data on the specific out of school locations students use to work 

on their courses.   

Qualitative Designs 

Most future research recommendations thus far focused on additional quantitative 

or mixed-method approaches.  However, qualitative data on middle school student 

experiences in online courses are also sparse.  A specific area of interest may be 

investigating the different learning environments within a school setting, the elements 

within those learning environments, and observing student interactions within those 

learning environments to explore why students may prefer to work in or out of school. 

Summary of the Study 

This study explored the relationship and influence between self-regulation, 

learning environment, and academic achievement for public middle school students 

enrolled in their first online supplemental course.  The overall results suggest a 

statistically significant difference between the level of effort regulation in non-school 

learning environments and academic achievement for students who were successful in 

their online course.  Additionally, results indicated statistically significant correlations 
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between the level of engagement in non-school learning environments and exceptionality 

for both successful and unsuccessful students.  Although the findings did not suggest a 

statistically significant difference between learning environment and academic 

achievement, 61% of student active engagement occurred in school learning 

environments.  The study used archival data, which posed several potential limitations, so 

future studies should attempt to address those limitations.  This study serves as a 

preliminary step for future research in online learning in public education settings, self-

regulation, motivation, and engagement.  
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