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ABSTRACT

This study examined attributes of self-directed learning (SDL) in studgatis 8
through 12, taking online courses through a state-wide online program in the Southeaster
United States. The study investigated whether distinct latent clasSEd_axist; whether there
was a significant difference in SDL according to gender, ethnicity, and lgreeleand whether
significantly different online course completion, online final grade, or GPA asseciated with
SDL class membership.

Existing data from 780 enrollments included masked demographic and achievement data
and responses to the 12-item Self-directed Learning Inventory (SDhiy@sponses based on a
five-point Likert scale. The SDLI used in this study was modified from tiggnaf 10-item
version (Lounsbury, Levy, Park, Gibson, & Smith, 2009). Psychometric analysis basew on i
response theory resulted in selection of nine items from the original SDLI and theenafwv
items to generate measures of SDL from the item responses. SDL scaleadcolations based
on Samejima’s (1969) graded response model were used in latent class aesljtang in the
three latent class model for SDL used in subsequent statistical analgseaddnessing the
research questions.

Results of inferential statistics support the premise that statigtitHieérent latent
classes of SDL do exist within the population of online secondary students, and thatdahere is
correlation between self-directed learning and academic achievemesutitsReé this analysis
indicate that there is no significant difference in SDL according to gend¢nmcity. While
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SDL is statistically different by grade level, the effect sizeelyy small. The completion of
online courses associated with self-directed learning class membgeshggnificantly
different by SDL class membership. Although there was a significdateliice in academic
achievement as expressed by final online course grades, the effestisgiated no practical
significance. There was also a significant difference in acadachievement as expressed by
GPA. This result may lend itself to practical application for online secondaoyplsc
Recommendations for further study included repetition of the study with urban staddntver

several terms.
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CHAPTER |

INTRODUCTION

This research study examines attributes of self-directed learnirlg {(®Becondary
students taking online courses through a state-wide online program in the Seuthgaged
States. The study investigated whether there is a correlation betwedmesgte learning and
academic achievement. The results of this study provided valuable informatiom&amirse
providers and school-based staff so appropriate support could be incorporated into the program

allowing students with all levels of SDL to achieve success in their onlineesours

Background to the Problem

As the online learning initiative has gained momentum at the secondary |estesinn
determining individual characteristics associated with successfoklsacontinues to grow.
Since state agencies are opening e-learning opportunities to a wider popodatcondary
school students, understanding the circumstances under which students may succeed in the
online classroom is critical. Not all students flourish in the online environment. The drafut
in some programs has been higher than in traditional, brick and mortar schools (R2iligé).
The online environment calls for students to demonstrate self-regulation imteéhty, 2004).
Dabbagh (2007) characterized successful online learners as those who exélibdedcied

learning skills.



Statement of the Problem

There is evidence that students who are not self-directed learners haaéea ggk
of failure when placed in the rich and complex environment of online learning gAbaken,
2010; Brooks, Gallagher, & Nolan, 1997). Unfortunately these have often been thaidentst
placed in online courses in order to recover credit or to catch up to their cohort and to graduate
on time Researchers have called for additional study of self-directed learnimgnlibe
traditional and the online environment (Abar & Loken, 2010; Song & Hill, 2007). While
researchers have investigated factors associated with academic aemievenigh school
students(e.g., Bong, 2004; Lounsbury, Levy, Park, Gibson, & Smith, 2009; Rogers, 2005), no

study has been made on SDL as a personality trait in online secondary students.

Significance of the Study

Results of a study of self-directed learning in secondary online students hawdegrovi
information that may allow schools personnel to identify students who areselbdbrected
allowing them to enroll in online classes designed for independent learnersmiakea
individual responsibility for their own learning and move at a pace not dictated tastra the
class (Cavanaugh, Barbour, & Clark, 2009). In addition, this study may have provided
information that schools could use to provide extra support to students who exhibit SDdsprofil
associated with lower academic achievement thus decreasing the chaitbeli@iwal from the

course and increasing the chance of academic success in their online course.

Resear ch Questions
In this study, SDL was examined in the study participants. The followingrebsea
guestions were addressed based on the results of the study survey.
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Q1- Do distinct latent classes of self-directed learning exist among segaadents taking
online courses?

Q2 - Is there a significant difference in self-directed learnoegraing to gender?

Q3 - Is there a significant difference in self-directed learnacgraing to ethnicity?

Q4 - Is there a significant difference in self-directed learnaegraing to grade level?

Q5 - Is there a significant difference in completion of online coursesiased with self-
directed learning class membership?

Q6 — Is self-directed learning class membership associated withcagtlif different academic
achievement as expressed by final course grades for online students?

Q7 - Is self-directed learning class membership associated withicagtly different academic
achievement as expressed by cumulative grade point average for online 8tudents

The null hypotheses associated with these questions are:

Hol — There are no distinct latent classes with respect to self-directedi¢panmong secondary
students taking online courses.

Ho2 — There is no significant difference in SDL according to gender.

Ho3 — There is no significant difference in SDL according to ethnicity.

Ho4 — There is no significant difference in SDL according to grade level.

Ho5 — No significance relative to completion of the online course is associatecklfAtdirascted
learning class membership.

Ho6 — There is no significant difference in academic achievement as expressed tqurse
grade between students with particular classes of self-directechigar

Ho7 — There is no significant difference in academic achievement as expressedulstive
grade point average between students with particular classes of seddllezrhing.
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Delimitations

Viewing SDL as an attribute of personality has provided a consistent imidstate
psychological attributes, such as personality traits, tend to persisbfrehearning environment
to the next (McCrae & Costa Jr, 1997; Oddi, 1984, 1986, 1987).For that reason this study
investigated SDL as a personality trait rather than as a process. SDLaisiong many of the
narrow personality traits associated with the Big Five personditg.tResearchers have found
that, “studies using only narrow traits have yielded predictive validity’,(Ragers, 2005, p.

16) in investigations involving personality.

Limitations

The more focused study of SDL using the Self-directed Learning Inveiitoupsbury
et al., 2009) has been chosen although a survey was available that provided data onghe broad
range of personality traits, the Adolescent Personality Style Invefitomnsbury & Gibson,
2006). The leadership team for the online secondary school which administered the survey
preferred the more focused and shorter survey instrument, that is, the Sédiddirearning
Inventory (SDLI). These combined considerations resulted in the administratios ®DLI to
the online students and the subsequent availability of those results as existing da

Although all students who took online courses during the spring 2011 term were
instructed during orientation to log in to the online orientation and to take the SDitanye
56.4% of the students, primarily those who participated in the face-to-faceataentlid not
take the SDLI. However, all students who participated in the online, rather thano face,
orientation took the SDLI since it was embedded in the online orientation and was dated. T

study sample has been limited to students who took the SDLI as part of theooielnation.



The sample size was limited by the size of the enrollment during thatrteéhat ionline
secondary school as well as by the number of students who participated in the ostitaioni.

If the gated survey had been embedded in each section of every online courgbaatimethe
student orientation, then all students would have taken the SDLI nearly doubling the saeple
Embedding the SDLI in the online orientation, an eight step process, was econofeasabiie
while embedding the survey into every section of every course, requiringhmar&Q0 steps,
was not an option since it involved too many staff hours.

This study used existing data from the spring 2011 term of a state-wide ogline hi
school in the Southeastern United States. The majority of the students in this patigratad
school in rural and semi-rural districts with a predominantly white student piopulaimitation
of the sample to predominantly non-urban settings may have impacted thdiggniéta of the
study results.

The sample was limited to students in grades 8 through 12 born after 1990. The eighth
graders were enrolled in online high school courses. Since eighth grade studentslsotake
high school courses for credit, these enrollments were included in the dataset.

The current study was limited to existing data from a single term. Loynsbal. (2009)
called for a longitudinal study of SDL as a personality trait. Such a stadld be problematic
for this population of online secondary students because few students take onlesemlasshe

course of several terms.



Definition of Terms

Academic self-efficacy - the student’s belief in his or her ability teessfully perform
academic tasks at a designated level (Schunk, 1991).

Academic self-regulation - “the degree to which students are metacolynithativationally,
and behaviorally proactive regulators of their own learning process,h{&gman, 1986,
1990; as cited in Zimmerman, Bandura, & Martinez-Pons, 1992, p. 664).

Enroliment — A single enroliment is the information and results associate@matstudent
taking one online course during a single term (Watson et al., 2011).

Gated — A gated online activity or course requires the student to completecith@gdion of
the course before moving on to the next section. All parts of the online course remain
inaccessible until the student has “opened the gate” to subsequent lessons byngpmple
the required activity.

Latent variable — a variable that is not directly observed but must be inferestidra’®he
patterns of interrelationships among the observed indicators to understand and
characterize the underlying latent variable” (McCutcheon, 1987, p. 5).

Self-directed learning — “a disposition to engage in learning activitiese the individual takes
personal responsibility for developing and carrying out learning endeavors in an
autonomous manner without being prompted or guided by other people (such as a
teacher, parent, or peer)” (Lounsbury et al., 2009, p. 411).

Self-regulated learning — an active, constructive process wherebyrtesehgoals for their
learning and then attempt to monitor, regulate and control their cognition, ntiaat

behavior, guided and constrained by their goals and the contextual featureés in the



environments (Bandura, 2001; Pintrich & De Groot, 1990; Schunk, 2005; Zimmerman,

2002).

Chapter Summary

As the population of online students has become more varied due to the greater
availability of access to online learning at the secondary level, insinatteaders have called
for increased scrutiny of the characteristics that allow online lesatodre successful. Successful
online learners have been found to be those who exhibits self-directed learns@Psiibagh
& Kitsantas, 2004). Although SDL as a personality trait has been studiedegecstudents and
in high school students taking face-to-face classes, no study of SDL asmapgrsrait in
secondary students taking fully online courses has taken place. Results of sughaagtud
increase understanding of SDL in online secondary students and allow schooisde pktra
support to students who exhibit SDL profiles associated with lower academiceanbig. It has
been posited that such support would increase the chance of academic succesmiimgeir

courses.



CHAPTER 2

LITERATURE REVIEW

Introduction to theLiterature

Virtual learning has been proposed as an option to provide public school choice for
students in under-performing schools and to provide programs that meet goals for college
readiness. The K-12 online learning community has strived to meet thang/eadls they have
integrated best practices in e-learning with the latest available tegyrtol assure that today’s
students have had the greatest chance of success (Cavanaugh, Barbouk;,, 200% DiPietro,
2010; Miller Jr & Williamson, 2008; Roblyer & Doering, 2010; Watson, Gemin, Ryan, &
Wicks, 2009). The need for research in K-12 online education continues to exist as new
approaches and technology have been added to the array available to the onlioeigomm
(DiPietro, 2010).

As the online learning environment at the secondary level has continued to grgithin de
and complexity, it has becoming more important to determine the individual chistaste
associated with successful learners so that the course design and studehtsgsignorcould
meet the needs of the students. Since both state and private agencieshaved:to provide
e-learning opportunities to a wider population of high school students, understanding the
circumstances under which learners may succeed in the online classroom sdotimeieritical
(Saba, 2005; Sturgiss, Rath, Weisstein, & Patrick, 2010). The concern has been@xpaesse
students who are not self-regulated or self-directed learners are setaifuferwhen placed in
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the rich and complex environment of online learning (Abdullah, 2001; Bernacki, Aguilar, &
Byrnes, 2010; Brooks et al., 1997). Unfortunately these have often been the very studedts pla
in online courses in order to recover credit or to catch up to their cohort so they chagteien
time (Sturgiss et al., 2010). If these students are to succeed, then thegleaaracteristics that
define them must be understood with respect to the online environment. When this is
accomplished, then course developers, school-based personnel and online instructoeataust ¢
the learning environment that facilitates success for students.

The following review of the literature has provided background in learning tla@orgn
overview of online learning. An examination of social cognitive theory was followed b
review of literature concerning the construct of self-regulated lep(®RL). The literature
concerning the construct of self-directed learning (SDL) has addkd theoretical framework
upon which to base this research. Finally, review of the history and currerdfstatee
learning has been provided to form the background for this study of SDL in the onlmedea

environment.

Social Cognitive Theory

One of the basic tenets of social cognitive theory has been that people cae practi
enactive or observational learning where learning takes place through tibsentnin a social
environment (Bandura, 1991). It was found that when people learn observationally, they use
internal mental processing, but they do not necessarily change behaviosuals af rghat was
learned (Bandura, 1991). Students’ actions during the learning processthefilebtliefs about
their own ability and their expectation of success (Bong, 2004). Social coghiimey

“distinguishes among three modes of agency: direct personal agency, geoxy ¢hat relies



on others to act on one’s behest to secure desired outcomes, and collective ageiseyglexe
through socially coordinative and interdependent effort” (Bandura, 2001, p. 1). Successful
individuals must judge their own capabilities, predict results of their actighsthe social
environment, and regulate their behavior (Bandura, 2001). People choose or createidgheir soc
and physical environments through agentic behavior (Bandura, 1986, 1999, 2001), that is, they
choose the direction for their goals and behavior. A person uses personal standacdi#sgeligui
evaluation which leads to creation of self-incentives to help motivate effontdgeal

attainment (Bandura, 2001). Zimmerman and Schunk (2003) made further distinctiearbetw
learning and performance, thus adding to Bandura’s conceptual framework of triadic
reciprocality among personality factors, behaviors, and environmental esri@andura, 1986,
2001). Students could learn a concept or skill but refrain from performing or using what they
learned. Social cognitive theory provided the base upon which the conceptual dr&rfeaw

self-regulation was formed.

Self-regulated L earning

Self-regulated learning has been framed as an active, constructivesandureby
learners set goals for their learning and then attempt to monitor, regutht®ntrol their
cognition, motivation and behavior, guided and constrained by their goals and the contextual
features in their environments (Bandura, 2001; Pintrich & De Groot, 1990; Schunk, 2005;
Zimmerman, 2002). Zimmerman and Campillo (2003) conceptualized the processts of
regulation as a reciprocal cycle consisting of forethought, performancel&nelflection
(Figure 1). Each of the phases consists of subprocesses that play a gleatar grart in

learning depending on the task, the learner, and the environment.
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Forethought Phase

Task Analysis
Imagery
Goal setting
Strategic planning

Self-mMotivation Beliefs
Salf-efficacy

Performance Phase

Self-Control
lrmagery
Self-instruction
Attention focusing
Task strateges

Self-Observation
Self recording
Self-experimentation

self-Reflection Phase

Self-Judgment
Self-evaluation
Causal attribution

Self-Reaction
Self-satisfaction/affect
Adaptive,/defensive

Outcome expectations
Intrinsicinterest/value
Learning goal orientation

Figure 1: Phases and sub processes of self-regulation.
From Zimmerman, B., & Campillo, M. (2003). Motivating self-regulated problem
solvers. In J. E. Davisdson & R. J. Sternberg (Eds.), The psychology of problem
solving (pp. 233 - 262). New York, NY: Cambridge University Press. Used with
permission
Forethought phase.
Before learning can take place, a person must have experienced the orotwéarn.
According to the model proposed by Zimmerman and Campillo (2003), this occurs in the
forethought phase. Several learning theories have proposed that this prooeswbeq there is

a discrepancy between performance and a person’s internal standardshébess of self-

regulation included control theory which comprises the negative feedback modek (Carve
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&Scheier, 1981), psychobiological homeostatic theories (Appley, 1991), the aybdi@&E
model (Miller, Galanter, & Pribram, 1960) and Piaget’s (1960) theory. The negadidiesick
process, according to Bandura (1991), has not taken into account the need forotiietion
which could be addressed through the goal-setting process during forethoagbtrefied
purely on negative feedback the process would cease as the discrepanspived rehen
performance matched the original goals, but this would not allow for the settinggoégsively
more challenging goals. Rather, Bandura posited that people act based on getdsahdli
strategic plans as causal agents (2001). Forethought involves an interptkyasfabysis and
self-motivation beliefs (Bandura, 1986, 2001; Bong, 2004; Schunk, 2005; Zimmerman, 2000,
2002, 2008). During task analysis, the learner judges whether there is a negpb&dssand
then sets proximal and/or distal goals as part of the strategic planning Reaedsra &
Schunk, 1981; Multon, Brown, & Lent, 1991; Zimmerman, 2000). The application of strategic
planning varies with the learner, and it has been proposed that the subprocess could as taught
a skill (Bandura & Schunk, 1981; Bernacki et al., 2010; Schunk, 2005).
The learner’s beliefs about whether the goals are achievable and valepetal on
levels of self-efficacy, outcome expectations, task value and goal owantgandura, 2001,
Pintrich & De Groot, 1990; Zimmerman, 2000, 2008). Bandura offered a formal theoretical
definition of self-efficacy.
Perceived self-efficacy refers to beliefs in one’s capabilities ton@gand execute the
courses of action required to produce given attainments. . . . Such beliefs influence the
course of action people choose to pursue, how much effort they put forth in given
endeavors, how long they will persevere in the face of obstacles and failuires, the
resilience to adversity, whether their thought patterns are self-hinaerseif-aiding,

how much stress and depression they experience in coping with taxing environmental
demands, and the level of accomplishments they realize.(1977, p. 3)
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People with high self-efficacy believe that they have the capability togonats set for the task
(Bandura, 1986, 2001; Bong, 2004; Multon et al., 1991; Pintrich & De Groot, 1990) while those
with low self-efficacy tend to demonstrate lower levels of persistenchighdr rate of failure

to meet set goals (Stajkovic & Luthans, 1998). Researchers have also fouhddbatith

lower levels of self-efficacy tend to avoid more complex tasks and asciioe fai lack of

ability rather than lack of effort (Bandura, 1991; Bernacki et al., 2010; Schunk, 1982; Stajkovi
& Luthans, 1998). Although outcome expectations, that is the person’s belief thauthefres

the performance will meet the standards set in the goal, have a part in rootikegearchers

found that self-efficacy was a larger factor in the level of motivatian,(Bandura, 1986;
Zimmerman, 2000).

A person’s perception of whether the planned performance or task is worth the effort,
useful, important, or interesting has been called task value (Bong, 2004). Téiggqubk@lue of
an activity has been associated with the amount of effort a person is valkxgend toward
achievement of a goal. Activities supporting personal welfare or sedfradtnd to be assigned
greater value (Bandura, 1991). Task value may also be assigned to tasks over wigcsotine
has perceived control. If the projected accomplishment is perceived to be dusotape
behavior rather than external influences, then it has been found that the task temdsato ha
higher value (Bandura, 1991).

As they set goals, learners assign reasons for achievement of thos®gseaéschers
have categorized these goal orientations into two groups, learning goals anthgectgoals
(e.g., Amesé& Archer, 1988; Dweck & Leggett, 1988; Eccles & Wigfield, 2002; Bim&iDe
Groot, 1990; Zimmerman, 2011). Persons with a learning goal orientation, also called/mas
task goal orientation, seek to increase the sense of self-efficacy-pdggtfent by attaining
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competence in the selected task (Zimmerman, 2000, 2011). Researchers have foundehat lea
who have a learning goal orientation tend to demonstrate greater use ofgnigt@c@and

effective learning strategies (e.g., Ames & Archer, 1988; Dweck gge#, 1988; Eccles &
Wigfield, 2002; Pintrich & De Groot, 1990; Zimmerman, 2011). Learners with a perficana
goal orientation focus on demonstration of competence when compared with the perfafmance
peers or meeting the expectation of parents or instructors (Dweck & Letffg; Schunk,

2005). Dweck (2010) attributed this goal orientation to the learner’s view thavewtaat of

the goal is dependent on fixed ability, also called a fixed mind-set, ratinea trawth mind-set

in which the learner could achieve through use of metacognitive stratadieffart.

Performance goal orientation has been further subcategorized into perfoapanaach goal
orientation and performance-avoidance goal orientation. Learners who heawegasgnse of
self-efficacy have a performance-approach goal orientation and tend toredhmgaselves with
performance of others; while those with weaker confidence in their alaMy & performance-
avoidance goal orientation and tend to avoid challenges which might demonstrdsekheir
ability to parents, teachers and peers (Bong, 2004; Dweck & Leggett, 1988; &ligfeld,

2002; Pintrich & De Groot, 1990; Schunk, 1982).

Performance phase.

The self-regulated learning process cycles from the forethought phase,wlichghe
student sets the learning path through task analysis and establishmentaftselfional
beliefs, to the performance phase, when the student carries out the tasks tothelgeats

during the learning process (Barnard-Brak, Paton, & Lan, 2010). The performane®pbel-
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regulated learning has been divided into the subprocesses of self-control absrl&tion
(Zimmerman, 2008, 2011; Zimmerman & Pons, 1986).

Researchers studying the self-control process found that self-exjldatners tended to
make greater use of metacognitive strategies, such as task egategiimagery while poorly
self-regulated learners failed to implement a strategic approacirtinig (e.g., Bandura, 1991,
Barnard-Brak et al., 2010; Ertmer & Newby, 1996; Zimmerman, 2011). Wolters and Résentha
(2000) investigated self-control processes in 114 eighth grade students and found that they
employed self-consequences, environmental structuring, self-instructiondenedtin
enhancement to increase motivation. Self-consequences included reward or purtisiseeon
goal achievement such as delaying recreation until after finishingjecpor achieving a given
goal. In this model, environmental structuring and time-management includednchthestime
and the study area to provide optimum motivation and self-control for the learifier. Se
instructions help students focus learning goal orientations. For example, ra stitddearning
goal orientation would think about the importance of mastering a given skill in orgdevgress
toward career goals. A student with performance-approach orientation migktftinstsuction
to learn a given skill in order to get the best grade on the test. A learner diattmaace-
avoidance orientation might use self-instruction as motivation to meet thentpgoal in order
to avoid a parent’s displeasure if the learning objective had not been achiiédveexpected
level. Test anxiety has been proposed as another common example of selt-takid¢isa
depending on a student’s goal orientation and self-efficacy (Schunk, 2005). Wolters (1999)
found that persistence was better predicted for students who used learning gatd geh for
those who used performance goal self-talk. Finally, some students set persiteraebde.g.
getting a perfect score on the practice quiz), or they modify the work endndrjeng. taking
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notes in a favorite color of ink) as a means of interest enhancement (Wolters, ib®9@yizian,
2011).

The Zimmerman and Campillo conceptual framework (2003) has shown that learners
may employ self-observation during the performance phase to monitor and regres®ro
toward meeting the goal. Pintrich, however, subdivided this process into monitoring aodl cont
Very capable self-regulated learners use strategies such agpgméige monitoring during the
self-observation process to gather information about learning perfornth@@svironmental
conditions under which learning has occurred, and the results of the performance (Schunk,
2005). Students engaged in high levels of metacognitive monitoring choose the learning
strategies that they believe are most effective such as specifitakimtg-strategies that have
resulted in past success (Schunk, 2005). It was proposed that students control lehaviog be
such as the level of effort and persistence, as well as help-seeking beHattidents with high
levels of self-efficacy demonstrate greater control over learning bel{@uemerman, 2000).
Help-seeking behaviors are more focused for highly capable self-@gulahile those
demonstrating lower levels of self-regulation tend to ask for help without aisgretbose
(Schunk, 2005). For example, a student might ask a teacher for help on homework, but when
asked what kind of help, the student responds, “None of this makes any sense!” (Puustinen,
1998). Self-recording of progress toward goal achievement has been demonstajbtyiself-
regulated learners (Zimmerman, 2011; Zimmerman & Pons, 1986). Such procesdes of sel
control and self-observation tended to be more evident in highly self-regulatesl$ea

(Zimmerman, 2002, 2008, 2011).
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Self-reflection phase.

During the third phase of the bidirectional cycle of self-regulated learnilfige8ection,
the model proposed that the learner thinks about the process and result achieved during the
performance phase. The self-reflection process was subdivided intodggtignts and self-
reactions. Learner employ self-judgment to evaluate the effectvefésarning during the
performance phase (Zimmerman, 2011). This self-evaluation process is baseshmal ext
feedback, such as the grade on a homework assignment or feedback from peersrer hnisnt
at this stage when the appropriateness of the standards set during foretbswitgin
motivation or amotivation (Kitsantas & Zimmerman, 2006). A student who has juddeteha
performance failed to achieve a high absolute standard may have viewed tbiabsrmge if
they possessed high self-efficacy, or the learner may have viewedlthis & evidence of lack
of effort or lack of ability (Zimmerman, 2011). This causal attribution nb@y $rom the
learner’s frame of reference, that is, whether success is attributeditio effort or external
circumstances (e.g. a student’s belief that the teacher didn't like her)n&Stud® perceive a
partially satisfactory attainment of a goal, and who attribute the catise sfiortfall as a poor
choice of strategy or effort, tend to employ adaptive inferences when pldhaingxt steps.
Students who exhibit less ability in self-regulation, believing that unsabsyaesults stem
from external and uncontrollable causes, tend to employ defensive mechanisnss such a
procrastination, cognitive disengagement, exhibition of off-task behavior, ibuattn of results
to permanent lack of ability (Zimmerman, 2011; Zimmerman & Bandura, 1994). The most
capable learners engage in active analysis of the learning processutisgd skewing
willingness and ability to find self-satisfaction. They adjust strasegmel learning goals in
response to self-reflection as they move on to the next evolution of the cycle. Omethieamid,
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poorly self-regulated learners fail to engage in self-reflection, or fhy@ly énaccurate causal
attribution to the lack of goal achievement resulting in amotivation (Bong, 2004en8/dl999;
Zimmerman, 2002, 2008, 2011).

SRL is a latent characteristic in that this characteristic cannotdoglgimeasured but is
evidenced through observable variables such as goal-setting, help-seekind-awal sation.
The construct of SRL has been framed as a bidirectional cyclical pr@oessdrman, 2008).
Researchers have posited that the SRL process can be strengthened thirdngtand is
context and domain sensitive (Bong, 2001, 2004). While development of the construct of SRL
has provided a useful base for understanding student success, research on the caslfruct of
directed learning has also added to the knowledge base that aids educators imgugipdent

Success.

Self-directed L earning

The concept of self-directed learning has been in existence since antquigxample,
Aristotle, Plato and Socrates advocated self-direction as part of their meignp @culich,
1970). Early examples of programs that encouraged SDL in the United States haweibden f
adult education through correspondence courses, an early type of distance.|l&aeseg
included the Ticknow Society in 1897 and the Chautaugua movement which began in 1881
(Agassiz & Eliot, 1897; Bergmann, 2001; Long, 1990; Vincent, 1885). The conceptual
framework for SDL was initially created as part of the field of adult educan 1926,
Lindemann proposed that adults’ source of motivation stemmed from their expgaadcte
opportunity to choose the path for their own learning (Brookfield, 1984). Lindemann and

Knowles were both credited with the introduction of the term, andragogy, which fwasddeas
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“the art and science of helping adults learn” (Knowles, 1980, p. 43 as cited in M&tiat).
Knowles developed a conceptual framework for adult learning based on five asssmidlult
learners have a self-concept that is independent and tends to be self-directddvEhey
experience that serves as a learning resource. Adult learners mayaagmg social roles that
drive learning. Adults are interested in immediate application of knowledges fv@blem-
based. Finally, adult learners tend to be more internally motivated (Merriam, 2001)

Researchers determined that SDL plays an important part in the process tHeading
(e.g., Bolhuis, 2003; Brockett & Hiemstra, 1991; Kulich, 1970; Merriam, 2001). As adult
education became an important field in its own right, the study of SDL joined andiagogy
important parts of adult learning research. The demands of the information rage@acthe
need for continuing education of the workforce which tended to drive the researchaigayydr
and SDL (Candy, 2004; Houle, 1988). Knowles came to agree that these assumptials®may
apply to younger learners in various degrees (Knowles, 1970; Merriam, 2001). Thedusine
community has called for educational leadership to help the younger generationdcelself-
directed so that tomorrow’s work-force will be able to meet the challenge dfttapover in the
required knowledge base for future workers (Castells, 2005; Houle, 1988; U. S. Depaitme
Education, 2010; Warschauer & Matuchniak, 2010). This has resulted in increasing grpport
research in the area of SDL in the K-12 arena.

The phenomenon of SDL has been viewed through various lenses depending on the
frame of reference of the researcher. Oddi (1987) suggested that théynohjsearchers view
SDL as a process while a smaller group views self-direction from a psyablpgint of view.
For example, Brockett and Hiemstra (1991) provided a theoretical frameworR fah&t
centered on personal responsibility for learning which had two componentse(Bjgdihey
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named these self-directed learning and learner self-direction. In dllisl self-directed learning
was comprised of the teaching-learning process while “learnedisettion, centered on a
learner's desire or preference for assuming responsibility formedriBrockett & Hiemstra,

1991, p. 24). Those who viewed SDL as a process were further subdivided by philosophical

frame.
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Figure 2: The Personal Responsibility Orientation model
From Brockett, R. G., & Hiemstra, R. (1998klf-direction in adult learning: Perspectives on
theory, research and practigp. 2). New York, NY: Routledge. Used with permission.
Self-directed learning as a process.
Mezirow’s theoretical framework of transformative learning includdfddseectedness
on the part of the adult learner as part of the emancipatory process of pezdpaasformation
(Kitchenham, 2008; Mezirow, 1981). SDL was included in Mezirow’s definition of andragogy

that is, “an organized and sustained effort to assist adults to learn in a wayhthates their

capability to function as self-directed learners” (Mezirow, 1981, p. 21).
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A second group of researchers viewed SDL as a process or skill that could hakemder
by an individual and improved through experience or training by an instructor. Brankett
Hiemstra (1991), Knowles (1970, 1975), and Tough (1967, 1968, 1971) were proponents of the
philosophy that learners should be guided to increase their ability to be maleesgttéd and to
take personal responsibility for their own learning (Merriam, 2001). Brodkdisb viewed SDL
as a process by which adults could set goals, locate resources, choose the metreddadad e
progress through critical reflection (Brookfield, 1995). Merriam and Gaféahave been
proponents of the framework in which the concept of SDL is used to form an instructional model
to aid in designing curriculum that would shift learning to student control whitgngpihe
learners toward greater self-direction (Merriam, 2001). Hammond and Qakias%) proposed
that the concept of SDL as a personality trait is too limiting and that a comprahenodel
includes nine steps in the process of SDL. The steps are: building a cooperating lelanate;
analyzing the situation; generating a competency profile; conductingmodiz self-
assessment of learning needs; drafting learning agreements; salfjlenzent of learning;
reflection and learning; evaluation and validation of learning; and coordinatiloglc8DL
(Hammond & Collins, 1991).

A third philosophical strand encompassed those who viewed SDL as an important
component in the emancipator process for workplace learning, for adults working to mbee up t
socio-economic ladder, to increase political awareness, and to promote samalEkhger
(2004) discussed the importance of promoting SDL as a function of the human resource
development process, while Collins (1991) criticized the adult education comnuaurstyifting
away from true SDL toward learning dictated by the corporate agenda. The role as 3D
emancipator process has been discussed by Jarvis (1992) and Sze-yeng and 20is3.
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Proponents of this philosophical viewpoint tended to focus on design of the learning
environment to encourage adults to be more self-directed or to criticize thiesastant for
failure to provide an environment for emancipatory learning.

The definition of self-directed learning proposed by Knowles has been the one most
frequently quoted in literature.

In its broadest meaning, ‘self-directed learning’ describes a priscessch individuals take the
initiative, with or without the help of others, in diagnosing their legymeeds, formulating
learning goals, identifying human and material resources for learning it @osl
implementing appropriate learning strategies, and evaluating learncapmasg (1975, p.18).

Researchers have identified components of the SDL process as settimglgagls, identifying
resources, and evaluation of goal achievement (Knowles, 1975). Skills have beiéeddbiat

are commonly used by self-directed learners although the relative impoessigned to these
skills varies with the researcher. The individual learner is intrinsicallyvated, engages in
setting learning goals, identifies and accesses necessary leasoagees, and performs self-
evaluation of learning (Knowles, 1975; Skager, 1979). Some researchers haed siresbility

to work independently (Knox, 1973), while others included social networking as an important
aspect in emancipated SDL (Tough, 1971). Researchers have not agreed aboutesletiger
necessary help is an indication of lack of independence in the learner. Soméhezsdeace
included help-seeking as a part of the step of identifying and using nedessailyg resources
(Knowles, 1975; Knox, 1973; Moore, 1972; Skager, 1979) while Smith (as cited in Oddi, 1987)

viewed help-seeking as a part of collaborative learning as opposed to sedllearning.

Self-directed learning as a characteristic of personality.
Although the majority of early researchers have approached SDL as aspaibes

researchers have framed SDL from a psychological point of view (eagkdit & Hiemstra,
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1991; Guglielmino, Long, & Hiemstra, 2004; Long, 1990; Lounsbury, Saudargas, & Gibson,
2004; Oddi, 1987; Skager, 1979). Long (1990) proposed that SDL involves three dimensions, the
pedagogical, the sociological and the psychological. He stated that thel'clinension in
self-directed learning is not the sociological variable, nor is it the pgaagdactor. The main
distinction is the psychological variable” (Long, 1990, p. 332).

Viewing SDL as an attribute of personality has provided a consistent indsoater
psychological attributes, such as personality traits, tend to persisbfrehearning environment
to the next (McCrae & Costa Jr, 1997; Oddi, 1984, 1986, 1987). This has allowed researchers to
study the relationship between SDL and other variables. The self-directeel lbas been
described as one who: has a high degree of self-efficacy; is intringioatilyated; diagnoses
personal learning needs; sets goals based on that diagnosis; chooses &pptaiagies to
achieve those goals; self-evaluates the goal achievement based @i evelence and external
feedback; and is willing to meet new challenges (Oddi, 1987; Skager, 1979). Garrison has
defined self-directed learning as "an approach where learners aretgttvassume personal
responsibility and collaborative control of the cognitive (self-monitoring) anckxtua! (self-
management) processes in constructing and confirming meaningful and wegtleaiming
outcomes" (1997, p. 18).

Industrial/organizational psychologists have contributed to the study of petgtrzéls
as they provided quantitative measures that could be used in assessment gf daarnin
prediction of job performance in the work environment (Hogan & Holland, 2003; Hogan &
Roberts, 1996). Researchers developed a unified model for normal personality known as the
five-factor model that found practical application in the industrial and educhaicereas (e.g.,
Barrick & Mount, 1991; Digman, 1990; Lounsbury, Welsh, Gibson, & Sundstrom, 2005;
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McAdams & Pals, 2006; Tett, Jackson, & Rothstein, 1991; Tokar, Fischer, & Mezydlo Subich,
1998).

The five-factor model included the personality traits of openness to expevience
intellect; conscientiousness or will to achieve; extroversion or surgegr@eableness versus
antagonism; and neuroticism versus emotional stability (McCrae & Costa Jr, 1887ivér
factor model, also known as the Big Five model, provided a broad description of traits whi
were “more global in nature” (Rogers, 2005, p. 10). Researchers added naitsoi tree
construct of personality to increase the descriptive ability of the modelHegan& Roberts,
1996; John, Hampson, & Goldberg, 1991; Judge, Erez, Bono, & Thoresen, 2002; Judge, Locke,
Durham, & Kluger, 1998). Generalizability decreased as the specifiditye drait definition
increased in order to address particular behaviors under investigation sudh @to§an &
Roberts, 1996; Rogers, 2005).

The narrow traits that have been found to be associated with academic aehieaem
optimism, aggression, tough-mindedness, work-drive and self-directed ledroungsbury et
al., 2009; Lounsbury et al., 2003; Lounsbury et al., 2005; Rogers, 2005). In this context, self-
directed learning has been defined as, “a disposition to engage in learniigeaathere the
individual takes personal responsibility for developing and carrying out leagnaghgavors in an
autonomous manner without being prompted or guided by other people (such as a teacher,
parent, or peer)” (Lounsbury et al., 2009, p. 411). Brockett and Hiemstra provided aatefiniti
for learner self-direction as a personal orientation which is an individudissand attitudes
that “predispose one toward taking primary responsibility for their ledr(l®91, p. 29).
Although this personality trait is found in every person, the level of the attribués yeom a
minimal to a maximal tendency to be a self-directed learner (Brocketegadtra, 1991,
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Lounsbury et al., 2009).Researchers have also found that personality tratit iaréux until
late adolescence and tends to level out thereafter (e.g., Arnett, 1999; Mca@lra2@92).
Self-directed learners tend to be intrinsically motivated, and theyderedpond to
extrinsic motivation that incorporates free choice among learning opstosk@ale & Brockett,
2011; Vansteenkiste, Lens, & Deci, 2006). Researchers have also noted that perkeived se
efficacy is evident in learners who are self-directed (e.g., OligeBandes, 2006; Stockdale &
Brockett, 2011). Oliveira and Samdes (2006) found, through confirmatory factor awélysis
surveys taken by 384 university students, that factors influencing SDL wesdfexalty,
conscientiousness, epistemological beliefs, and beliefs about internal contl®lagéand
gender had no significant impact. Researchers have called for futttigro$tSDL as a

personality trait (e.g., Lounsbury et al., 2009; Oddi, 1987; Oliveira & Simdes, 2006).

Modeling the self-directed lear ning construct.

Self-directed learning as a personality trait cannot be observed directligelighdency
to self-directedness has been associated with academic achievemenstdee self-efficacy,
conscientiousness, epistemological beliefs, and beliefs about internal coatnesipury et al.,
2009; Lounsbury, Steel, Loveland, & Gibson, 2004; Oliveira & Simdes, 2006; Stockdale &
Brockett, 2011; Vansteenkiste et al., 2006). It has been found that self-direatéthleara
personality trait is a uni-dimensional construct that is challenging to apetite using
traditional analytical methods. In the absence of a “clear criteefamenced variable that
provides a direct measurement of self-direction,” (Stockdale & Brockett, 2011, p. 173)
researchers have used methods such as confirmatory factor analys@lifeega & Simoes,

2006; Stockdale & Brockett, 2011), categorical confirmatory factor andlysisisbury et al.,
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2009), and hierarchical multiple regression analysis (Lounsbury, Stee),28G) to help
develop an operationalized model of the SDL construct.

Researchers have used latent class analysis (LCA) to work with comfaesetia
involving one or more latent variables associated with multiple observed variabbesding to
McCutcheon (1987) covariation among the observed variables is due to each observexsvariabl
relationship to the latent variable. Controlling for the latent variable wedlace the
covariation among the observed variables (also called latent class inditatbeslevel of
chance variation shedding light on the relationships between the observed vandliles a
latent variable (Muthén & Muthén, 2010). This would support the claim that the latertti@asia
responsible for the original covariations among the observed variablesi{theGn, 1987).

LCA is a special case of mixture modeling. Mixture modeling has been expksne
“modeling with categorical latent variables that represent subpopulations pdyulation
membership is not known but is inferred from the data” (Muthén & Muthén, 2010, p. 141). A
general mixture model includes a measurement model and a structural modeheédhaement
model for LCA and the general mixture model is a multivariate regression thatlelescribes
the relationships between a set of observed dependent variables and a sgbataatatent
variables” (Muthén & Muthén, 2010, p. 141). Since SDL has been found to be a unidimensional
construct, the measurement model was employed. A multidimensional construtihaoee!
required used of a full structural equation model including both the measurement model and t
structural model which would show the relationship between the multiple factorysisnahder
the measurement model of the data gathered using a unidimensional construct involves
determination of the minimum number of latent classes that would explain the observed
relationships. Maximum likelihood estimation has been one method used in whashpknrg
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was employed to perform a large number of random iterations in order to compatieds
between the proposed latent models. The model would subsequently be chosen thatehost clos
fit the observed data lending itself to a theoretically meaningful intatpret After the latent
classes would have been selected, the probability membership in thelkgsas evould be
calculated for each individual. Standard statistical tests, such as ANOV andld then be
used to test whether the postulated model corresponds with reality (Hag&rdaman, 1989).
Researchers have used LCA during empirical studies to profile selategldarning in
college students (Barnard-Brak et al., 2010) and in high school students (Alo&eg&, 12010).
In two studies Barnard-Brak et al. (2010) determined that the best model fattiggiconsisted
of five distinct latent profiles characterized as super self-regulégg6#é and 9%), competent
self-regulators (39% and 41%), forethought endorsing self-regulators (16% and 15%)
performance/reflection endorsing self-regulators (12% and 16%), and non- or hselima
regulators (22% and 19%) with all classes significantly different fromaonther based on
subscale scores. The forethought endorsing group appeared to endorse goansktting
environment structuring strategies and skills to a greater extent tkastretegies, time
management, help-seeking, and self-evaluation. Barnard-Brak et al. (2010deoetshis group
to be less concerned with follow-through in the self-regulation process. The
performance/reflection endorsing self-regulators appeared to endorstatesiies, time
management, help-seeking, and self-evaluation to a greater extent than gmphedtt
environment structuring, leading Barnard-Brak et al. (2010) to state thgtdlis was more
concerned with self-regulation during the post-hoc stage of learning. Thefetundya

significant difference in academic achievement expressed as gradeveoagea(GPA)
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according to class membershif§4, 196) =15.69 p <.01,f = .65, with a Cohen’svalue of .65
indicating a large effect (Barnard-Brak et al., 2010).

Abar and Loken (2010) used LCA to model SRL as expressed in survey responses while
using goal orientation and self-directed behavior as covariates. This studyeoh265
11th/12th grade students participating in a voluntary college preparation progaamiiban
area of the Pacific Northwest. The survey results from four subscahedViotivated Strategies
for Learning Questionnaire (MSLQ) (Pintrich, Smith, Garcia, & McKeach991) and three
subscales from Patterns of Adaptive Learning Scales (PALS) (Miegla., 2000) were used as
latent class indicators. The goal orientation covariates were basedilb® fresn three subscales
from PALS and data from voluntary student participation in a web-based SAiBtued as an
indicator of SDL behavior. LCA of this data set indicated a three classosptigsignated as
high, average and low SRL groups (Abar & Loken, 2010). The level of SRL labelech&Riig
(15%) had high meta-cognition, effort management, time and environment skills, anthiacade
efficacy, as well as low test anxiety, self-handicapping, and acad&epticism. The low SRL
group (37%) indicated low meta-cognition, effort management, time and enviroskikentand
academic efficacy, along with relatively high test anxiety, saifdicapping, and academic
skepticism. Students with low SRL profiles exhibited thoughts and behaviors thed testdo
support academic achievement (Abar & Loken, 2010). The group labeled adsRiapad
results in all areas that were close to the population average. This group wegeittealad 8%
of the sample. Logistic regression was used to validate the latent eadsenship
demonstrating significant difference in goal orientation among ak tmeups with the low SRL
group showing the lowest mastery orientation and the greatest performendance
orientation (Abar & Loken, 2010). This study used the number of logins and number ofesctiviti
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completed in a web-based tutorial as behavioral indicators of self-direer@thly. There was

no significant difference between members of the three latent clagbesnumber of students
who logged in to the website compared to those who did not. Members of the high SRL group
completed significantly more of the online tutorials than members of the lowg&Rp when
comparing only students who accessed the SAT tutorials and self-asses3mismesult
supported the three class model (Abar & Loken, 2010).

The utility of using LCA to create a model that provides insight into ctearsiics of
learners has been aptly demonstrated by studies of SRL in college and gge-stldents
(Barnard-Brak et al., 2010). These studies have shed light on charastefisticcessful
learners in a face-to-face academic environment as those who tend toadethe self-
efficacy, goal-setting, time and environmental management, self-dealuatd help-seeking
behavior (Abar & Loken, 2010; Barnard-Brak et al., 2010). Although researchersohade f
that the self-directed learner is described as one who: has a high degieefbtaey; is
intrinsically motivated; diagnoses personal learning needs; sets gsatsdrathat diagnosis;
chooses appropriate strategies to achieve those goals; self-evaheagoal achievement based
on internal evidence and external feedback; and is willing to meet new chal(@uyh, 1987;
Skager, 1979), there was found to be a continued need for expanded study of SDL (Lounsbury et
al., 2009; Oddi, 1984, Oliveira & Simdes, 2006; Song & Hill, 2007). Successful use of LCA in
earlier studies has provided incentive to use this methodology as a meddstm#ional
understanding of learner characteristics through the lens of selfedifeetrning as a personality

trait.
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Online Learning

Online learning has grown from a limited option available for a few adults, acteve
and growing commercial industry available to anyone with a good online connection-Ithe K
community has begun to use online learning to supplement the education offered to students,
especially at the secondary level. A history of distance education hasupgsied here to
provide context for current practice in online learning. This was followed bpdieaistics of
successful programs which were reviewed to illustrate aspects that noastdidered to make

any distance format an effective one for students.

History of Distance Education

In distance education the instructor is located at a distance from the studethie a
student uses a form of technology to interact with the instructor and construct persanaig
and learn from the experience (Cavanaugh, Gillan, Kromrey, Hess, & Blor2€gd. The
history of distance education, as it was described here, spans the leandsgpape from early
correspondence schools through the advent of electronic communication to current models of
distance education involving satellite transmission and use of the Internet. Tdvig héss made
it evident that the rate of change in distance technologies is increapimgeexially. Moore’s
Law stated that technology will double in power every year allowing develomhaatv
technology faster than educators can learn to use it (Prensky, 2007). This thstithe
technology in place in our classrooms today will be relegated to the history otdist@ucation

sometime before next Christmas.
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Correspondence schools.

Distance learning has existed since the first print-based correspordemnse in which
the student was located away from the teacher and the learning matsrishmsferred back and
forth through the post. An Englishman, Isaac Pitman, taught shorthand through cornesponde
in 1840 (Sumner, 2000). One of the first formal instances was the school created by
Charles Toussaint and Gustav Langenscheidt where correspondence cotgsessde
beginning in 1856 to teach French to German students (Bower & Hardy, 2004). Anna Ticknow
created one of the earliest correspondence schools so that women could study at keome whi
continuing with domestic duties. This school began in 1873 offering English, history,escienc
French, German and art. The courses were self-paced, including s@tadnments and
feedback for the work. The Ticknow Society educated over 7,000 women (Agassiz & Eliot,
1897; Bergmann, 2001). The trend toward democratization of education through correspondence
courses continued through the Chautauqua movement, which began as an effort to educate
Sunday school teachers and clergy. William Harper used this model to include corresponde
courses as a part of the university extension program with the Univer§ltyice#go (Bergmann,
2001; Gaumnitz, 1952). The university extension program grew until 154 universitiesl offere
correspondence courses by 1928 (Gaumnitz, 1952). The Benton Harbor Plan, developed by
Superintendent Sydney Mitchell in 1923, was a supervised correspondence study program
designed to support at-risk vocational education students (T. Clark, 2003). This supervised
correspondence course model in which the material was mailed to and distribdtechbyne
school was adopted by the University of Nebraska and by over 100 high schools between 1923

and 1930 (T. Clark, 2003). While studies were not available to confirm the quality ohtgarni
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outcomes from these activities, it was evident that distance learning f)@d pliey logistical

role for many years in connecting people with opportunities they otherwisd wotihave had.

Distance education through film, radio, audio tapes, and television.

As electronic technologies emerged and evolved, distance education incorpaataied r
records, audio tapes, film strips, sixteen millimeter film and instructief@lision formats into
the curriculum. The military made extensive use of correspondence courses $oltfars
during World War | and used film during World War 1l and the Korean War to illiestra
strategic concepts. Print materials for these early correspondanses were augmented with
media such as audio tapes, film strips and 16 mm films. The interactions betwdssrisand
teachers generally consisted of asking students to mail assignmentseticties and receiving
feedback and graded work through return mail. The communication between instructor and
student continued to be infrequent during this era (Sumner, 2000) requiring the students to be
more self-directed (Peterson, 2011). Courses were provided over the radio begininéng i
1920’s, and instructional television became popular beginning in the 1950’s remaining so until
the advent of web-based courses (Simonson, Smaldino, Albright, & Zvacek, 2000ixeSavell
was used extensively in the late 1980’s to allow instructors in a classroom ortetsdnd out
video-based instruction via microwave signals uploaded to a satellite up-linketfeathen sent
to classrooms on a down-link. Instructors could also transmit electronic copnssro€iional
material and tests that could be downloaded and printed by a facilitator ingfi®acia.
Finished assignments and tests were mailed back to the instructor.

Although the video was one-way, students could phone responses and questions to the

instructor. This two-way real time audio component allowed for some minimagtitety and
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placed this form of satellite television courses in the category of synclsrdistance education
(Barker & Patrick, 1989). Several universities and school systems broadtasttional
televisions to subscribers all over the country. For example, Oklahoma Statesliiyi&CI-
STAR satellite program from Avon, Connecticut and TI-IN Network in San Antoniagslex

produced full high school curricula plus extensive professional development (T. Clark, 2003)

Video-based distance education.

The video phone was first introduced at the 1964 World’s Fair in New York. Though
used extensively in the military and somewhat in industry, this “wave of the futasehever
widely-available in education or for the public. AT&T developed the Picturephone in 1970. It
was expensive and the technology was not robust enough to produce high quality video (Egido,
1988). By 1988 TI-IN Network in Texas was providing 20 courses to high schools in 28 states
using satellite television with one-way video and two-way audio (Barkeat&cR, 1989). True
videoconferencing did not enter the commercial market until the early 1990’sintberet
Protocol (IP) and video compression technologies allowed enough information to berteahsf
to make true synchronous conferencing possible. IBM's PicTel was introduced in 1881 as t
first video conferencing system (Lasic-Lazic , Stancic , & Banek, 2001 )avdikbility of T1
trunk lines through DARTnet allowed video conferencing between research @ssiituhe
United States and the United Kingdom. This set the precedent for universitiesalnaedi
government organizations to make routine use of video conferencing systerod fdzas et
al., 2001). The National Aeronautics and Space Administration continues to offearpsoigr K-

12 students through videoconferencing (Talley & Cherry, 2010). The increased bandwidth

available by the early 21st century, as well as the availability of high quadliycameras and
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computers, has allowed a shift from large videoconferencing equipment totégantable and
affordable web-based conferencing applications, also called PC dataermifig, such as

Adobe Connect and Elluminate (Watson et al., 2009).

Advent of the Internet

The infrastructure that makes virtual schooling possible was built through funoimgf
variety of sources. ARPANET was the first network which was developed basegd.Bn J
Licklider’s concept of packet switching in 1964, and Lawrence G. Roberts and Bob Ka
developed the concept of multiple independent networks supported by funding from the United
States Department of Defense during the early seventies (Lasic-&hal., 2001; Roblyer &
Doering, 2010). The systems and technology resulting from the ARPANET projecthee
foundation upon which the Internet was created (Roblyer & Doering, 2010). Thgrdipstical
interface Mosaicwas developed by Marc Andreesen and his team, and released in 1993. By
1999, the supporting software and local networking had developed enough that educators coul
see the potential (Roblyer & Doering, 2010), and they took notice. Improved comnamicati
became possible through the power of the internet (Boettcher & Conrad, 1999).

The growth of virtual schooling was predicated on several factors. The concept of
distance education grew out of the development of correspondence schools in the early 20th
century. The basic philosophy that the Internet was a place for sharingcessprovided a
strong platform upon which to build virtual schooling. The hardware and software del/&ope
a degree in which non-specialists could create content. The U. S. Department ¢bBdcuch
agencies such as the National Science Foundation through NSFNET and the Bx&gh J

provided grants to facilitate creation of innovative content (Leiner et al., 2009¢onti@nation
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of all of these factors supplied the tools, the interest and the skills to wideat¢heofehe
Internet (Roblyer & Doering, 2010). Online universities began to appear with théuation of
the personal computer (Pond, 2003). Early online communication was by email, liats®rvs
computer conferencing.

K-12 virtual schools.

In 1994, the Utah Electronic High School became the first to offer pre-caltegses
(Zucker & Kozma, 2003). In 1995, the Concord Consortium was funded by a federal
Technology Innovation Challenge Grant. The consortium, later known as thed Yigha
School (VHS), included 50 charter members providing staff development and co-development
content (Zucker & Kozma, 2003). The University of Nebraska-Lincoln used fedechhf to
develop online courses and began a virtual school in 1996. Class.com, a privately owned
company, marketed these courses for the University of Nebraska-Lincolthergid of the
funding in 2001 when the university and Class.com ended the agreement. Hawaii E-&shool w
initially funded through a federal grant and became the first statetegefisgtual school (T.

Clark, 2003; Watson, Gemin, & Ryan, 2008). Florida Virtual School, which began in 1997, and
the Michigan Virtual High School, which began in 2000, are supported by line item funding of

the respective state legislatures (T. Clark, 2003).

Current Types of Distance Education

The array of options available for distance education has continued to grow. A thorough
review of the available types of distance education has added a neededézkide current
study. This review has begun with a description of five generations of distancadeailuwed

by a comparison of synchronous with asynchronous formats. The research af@ilablme
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programs and blended formats was described to provide background upon which to build
understanding for the challenges students meet in the online learning environment
Distance learning is now in the fifth generation according to Taylor (2001). Bhe fir
generation was the Correspondence Model. The second generation was the Muliatkdia
including print, audio, and videotapes, interactive, and compact discs. In both models, time,
place, and pace were flexible but the materials were pre-created, hatheet/eloped as
needed. The third generation was the Telelearning Model which included audio and vide
conferencing. This model required defined time, place, and pace but allowed iontebativeen
the instructor and the students while materials were still predeterminedoUith generation,
the Flexible Learning Model, allowed learning any time, any place, andaa® using online
access while materials could be modified and made available for immed&tThe current
generation, the Intelligent Flexible Learning Model has begun to taketadesof learning
management systems and software designed to provide interactive raspgiagent input as
well as instructional design that is appropriate for the online environmeyio(;T2001). An
accepted definition of distance education has been proposed. “Institution-baset, forma
education where the learning group is separated, and where interactivmtaleucations
systems are used to connect learners, resources, and instructors” (8éhiissenson, 2009,
p. 1). Online learning has been defined as, “Any learning that uses threetritedeliver some
form of instruction to a learner or learners separated by time, distance, o(etmisey &

Van Eck, 2002, p. 283 as cited in Singleton et al., 2004).
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Synchronous ver sus asynchronous formats.

Several configurations for distance education have developed to meet studsntoee
example, students in synchronous classes meet online with the teacher to coterandid@arn
in real time, while students in asynchronous classes may log on and work at@f@éreijo,
Young, & Wilhelm, 2001; Rice, 2006; Singleton et al., 2004). Most K-12 online classes are
asynchronous, allowing students attending schools on different bell schedulesctpataritn
the online class (Watson, 2007). The configurations vary widely with the asynchrandab
Students may attend their online classes during a fixed period of the school ddy sethrhg
where all of the students are taking the same course, but the teachemsodeearel have online
office hours at a different time of the day. In a second configuration for this farsatdent
may attend the online class in a classroom or library, while other studentsooithane
attending different online classes. In the least supervised format, studemnistrhaye a
scheduled class period during which to log in to the online class, so they would work from home
or another individual venue (S. Allen, Baker, & Bell, 2010).

Synchronous K-12 online classes have been taught by a teacher who had a planning
period at the same time as the online class scheduled during the school day. Webangfere
equipment has sometimes allowed live chat between the students and the teadéets St
participating in a blended model may also sometimes meet faceegavith their teacher but

access the course content and assessment online (S. Allen et al., 2010).

Online-only formats.
Online education in the K-12 environment has been made available in multiple formats

Lowes suggested that online courses may be categorized as either virtsas arwirtual
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classrooms (Lowes, 2007 as cited in Watson, 2007). Virtual courses have generadlglbee
paced with varying levels of teacher involvement, from minimal interactitntive teacher
through close one-on-one student-teacher interaction via frequent phone or electronic
communication. Lowes described virtual classrooms as having similaegebources but also
including multiple opportunities for student-teacher and student-student interactiogtt
threaded discussions. Incorporation of student-student interactions in virasabolas may be
asynchronous, but they must be paced by the instructor so the students are at theeeame pla
the course in order to interact (Watson, 2007).

Cavanaugh (2008) provided the following summary of the various components of K-12
online education in the areas of student interaction, support, curriculum delivery, models of
enrollment, and pacing. Students may take a course in which the minimal ioteveithi the
teacher consists of turning in assignments by email or fax and receiving gradein return.
This model generally does not include interaction with other students. At the othédrtiead o
spectrum the teacher keeps office hours, interacts through threaded discussisnsmeila and
phone calls. Face-to-face support may range from no support at all to fragueort Hy a
parent, or a school-based onsite facilitator. The curriculum may range fttirodk based
assignments and worksheets coupled with online tests to teacher-made shdgseste, and
printable handouts; to highly interactive modules coupled with interactive fosragsessments
and a variety of authentic assessments. Some virtual schools allow rollingnentah which
students may interact only with the curriculum and instructor, but not with fetlosents.
Rolling enroliment may also group students into cohorts that begin periodicaitg due term.
This arrangement allows more interaction within the cohort. Some virtual sckebtte pace to
coincide with the traditional school terms. This allows maximum studentatiteravithin each
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online class and simplifies scheduling for schools that schedule the online couirsgshaur
school day. Pacing may range from very strict start and finish dates toeseb}eflpacing for
students not locked into participation in a cohort. A common guideline is that the student may

work ahead of the pace but not fall behind.

Components of Successful Distance Programs

Successful distance programs have been described as having severalrigtasacte
common. The curriculum must be based on sound learning theory and follow instructional
design principles appropriate for the learning environment (Cavanaugh & Bloni2€97;
Roblyer, 2006b; Roblyer & Wiencke, 2003). The course content must be supported by up-to-date
hardware and use of available technology so that learning is maximized (¥,ovide
Sanchezalonso, Mitropoulou, & Nickmans, 2007). Robust connectivity is a requirement to assure
student access to the course content (Watson et al., 2009). Finally, effectresteathers and
school-based support from facilitators guide students through the learningsgiRobson &
Addington, 2008; Roblyer, 2006b; Watson & Gemin, 2008). Researchers have found that levels
of student completion and success tend to be greatest when these components ane present
optimal configurations while critical shortfalls can lead to high aitriaind low success (e.g., I.
Allen & Seaman, 2004, DiPietro, Ferdig, Black, & Preston, 2008; Peterson, 2011; Picciano,

2002; Roblyer, 2006a; State of Colorado Office of the State Auditor, 2006).

Characteristics of support in effective programs

Support for an online student has been described as beginning with recruitment and
advisement by the onsite facilitator, usually a trained guidance counBei®critical step
assures that the student has the skills, online access, and level of setfrdteesticceed in an
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online course. The onsite facilitator is sometimes able to estimate thefleugport required

by a particular student. Cumulative GPA has been found to provide some guidance in this
(Roblyer, Davis, Mills, Marshall, & Pape, 2008; Wojciechowski & Palmer, 2005). Sonresonli
learning leaders have thought that if the student is a self-directedrleathkas robust internet
access at home, independent study may be an option. But if the student has demonstrated
tendency toward poor self-direction in the past, or has no computer at home, then scheduling the
online course during the school day may be a better choice (Roblyer, 2006b; Watson, 2007).

In many programs an on-site mentor, sometimes called a lab facilitat@glded an
additional level of student support that can make a significant contribution to sfmcks12
students (Davis & Niederhauser, 2007; DiPietro, 2010).

Successful online K-12 programs have provided support for students through well-
designed student orientation modules provided at the beginning of the course (Roblyer, 2006a).
Some organizations, such as Michigan Virtual High School, have provided follow up training
and progress reports by visits from trained student support specialists wheithdke local
staff and online students to supply motivation and to assure that the students recewesdgpr
ongoing support (Roblyer, 2006a). Student interaction with the instructor and with the content
has been enhanced by building interactivities into the course design that tilaartiees how to
use the online technologies with ease and efficiency (Hillman, WillisuBa®ardena, 1994;
Roblyer & Wiencke, 2003).

In addition the most successful programs have provided face-to-fadatfers| called
lab facilitators in the online program involved in this study, who have helped student
comprehend content, create plans for success, manage time during the course, artdeeduc
feeling of isolation (Cavanaugh, 2008; Roblyer & Wiencke, 2003; Savery, 2005; Watson, 2007).
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Face-to-face interaction, whether through web-based conferencinghevitistructor or
traditional face-to-face with the school-based facilitator has been foundéasedhe student’s
“perception of the degree of interaction” (Roblyer & Ekhaml, 2000, p. 1). According to
Blomeyer (2002), one of the most important roles played by the online instructty was
encourage the student to interact with the content and with peers. Instructotsaimeckin
best-practices for engaging online learners including demonstratingeam@edn the online
course through timely response to student posts in discussion boards and providing prompt
formative feedback (Buchanan, 2000; Cavanaugh, 2008; Cereijo et al., 2001; Roblyer &
Wiencke, 2003; Savery, 2005; Watson, 2007).Many successful online programs have required
the instructor to respond to student questions within 24 hours and to contact the student at least
once a week and parent once a month (Savery, 2005). This increased the students’ perception of
support and involvement, creating rapport between the instructor and student, thusgntneas
chance of student success (Roblyer & Wiencke, 2003). Prompt and high quality technical
support for students and instructors has been found to be an important factor in success of the
online student (Frid, 2001; Rice, 2006; Roblyer, 2006a; Watson, 2007). The best possible online
learning program have provided curriculum created using best-practicessructional design
taught by well-trained online instructors. Such programs also included strong sygbens
consisting of dependable connectivity, prompt technical support, and an onsite msafucti
support system that helped students with instructional and motivational ié¢eiegi, 2003).
Educators and online administrators have continued to call for more detailed tndarma
about student characteristics and behaviors in the online environment. The technology is be
developed to aid in building the interface between data mining and e-learning. Sommglea
management systems are currently able to track student activity withiM8eand separate
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student management systems house demographic and achievement datang@adssi
interpreting this information is generally well beyond the scope and training vechosators
and administrators. The interface between data mining and e-learning is bg ¢oninen
developed, and results in this area will provide the information that online educatbts he&
them support student learning. Information technology has continued to offer ingraesess
to information and the ability to analyze more complex data due to improvementsbhilitepa
of online learning management systems, increasing use and access to sandgenmnent
systems, and availability of powerful applications for data analysis susA& (SAS, 2008) and
Mplus (Muthén & Muthén, 2010). This increase of detailed information about students and how
they interact with online content within the learning management systenfiegan to allow
data mining (Chellatamilan & Suresh, 2011). Advanced techniques such as fuzzgrifgal
neural network modeling, clustering and principal component analysis, among rnarsy bave
been used by a few innovators to track student behavior within the courses (Cdbtio, Ve
Nebot, & Mugica, 2007). It might be possible to use results from some of these to provide
information to instructors highlighting shortfalls in the curriculum. Fuzzicldgeory has been
used to evaluate test item difficulty and incorporate information about individuahsfude
generate individualized tests (Castro et al., 2007). This has begun to be an aatioe are
research in the business and military training sector and will become npwgant to the
education sector as the technology and applications become available. Thiestude
employs a very basic form of data mining and analysis in order to shed lighdentsself-

directed learning in the online environment.

42



CHAPTER3

METHODOLOGY

Introduction
As enrollment in online courses at the secondary level has increased, understanding the
learning characteristics of the students taking these courses has igiovaoitance (Peterson,
2011). The purpose of this study has been to elucidate self-directed learningr{SBtondary
online students through examining whether specific profiles exist and arestesdadih
academic achievement. Results of such a study may allow schools to prdradsueport to
students who exhibit SDL profiles associated with lower academic aomeve¢hus decreasing
the chance of withdrawal from the course and increasing the chance of acadleress in their
online course.
In order to provide a clear picture of self-directed learning in secondary stuitents,
the following research questions have been addressed in this study.
Q1- Do distinct latent classes of self-directed learning exist amongdsegatudents taking
online courses?
Q2 — Is there a significant difference in self-directed learnocgraing to gender?
Q3 - Is there a significant difference in self-directed learnaecgraing to ethnicity?
Q4 - Is there a significant difference in self-directed learntograing to grade level?
Q5 - Is there a significant difference in completion of online coursesiased with self-
directed learning class membership?
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Q6 — Is self-directed learning class membership associated withcagtlif different academic
achievement as expressed by final course grades for online students?

Q7 - Is self-directed learning class membership associated withicagtly different academic
achievement as expressed by cumulative grade point average for onlinestudent

The null hypotheses associated with these questions are:

Hol — There are no distinct latent classes with respect to self-directedi¢panmong secondary

students taking online courses.

Ho2 — There is no significant difference in SDL according to gender.

Ho3 — There is no significant difference in SDL according to ethnicity.

Ho4 — There is no significant difference in SDL according to grade level.

Ho5 — No significance relative to completion of the online course is associatecklfAtdiracted
learning class membership.

Ho6 — There is no significant difference in academic achievement as expressed tqurse
grade between students with particular classes of self-directechigarni

Ho7 — There is no significant difference in academic achievement as expressedulstive

grade point average between students with particular classes of seddllezching.

Study Setting and Design

This study has analyzed existing student data available from a stigt@mine
secondary school in the Southeastern United States. Fully online orientation forsstakiegt
online courses through this organization was introduced in the spring 2011 term. A thevey
Self-Directed Learning Inventory (SDLI), was incorporated into the oslingent orientation as

part of the normal program for this organization (Lounsbury et al., 2009). The redhits of
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survey were available through the online learning management systenctede grades and
demographic information for the students who took the survey were available through the
organization’s student management system. This existing data set was caey but a
correlational study that examined the relationship between self-direatethp and academic

achievement.

Population and Sampling

The sample was taken from the population of students who took one or more online
courses from the statewide online high school provided by Tennessee’s Depaftment
Education. Study participants included students in grades 8 through 12 who took one or more
online courses during the spring 2011 term.

All students taking online courses through this state-wide organization werecetguir
participate in orientation at the beginning of the term. This orientation wasiatared totally
online or through face-to-face training using content identical to the onlingaiita. The
sample for this study included students who participated in the online student anentati
provided by the online high school during the spring 2011 term. Since the online orientation was
gated and required the students to complete the entire SDLI in order to gesa tcthe
orientation, the study sample included all students who completed the online orientation and
were in grades 8 through 12.

All students were identified by a unique student identification number. This nuvaker
used to store data both in the student management system and in the learnirgmaanag
system which contained the SDLI results and course grade books. The onlinehbiglssc

student management system contained demographic information as well astisten@PA and
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students’ final grades for the online courses. Data for this study was downlo#umat w
personal identifying information such as student names and street addressestarhitey the
unique student identification number associated with each record. The resubkefrdata set
was then available for analysis.

In the online school that served as the source for this dataset, the term eriroime
been defined as the information and results associated with one student takiogreeelaring
a single term (Watson et al., 2011). A student may have taken more than one course thus
generating more than one enrollment. In this study each record in the daiessgtnted one
enrollment. In the spring 2011 term, 684 students who participated in the online orientation
completed the online survey. These students generated 780 enroliments in a totaliae37 onl
courses.

The students participating in this study lived in predominantly rural arbasethnicity
for rural areas in the United States has been found to be majority white (82xtll8s)ed by
black (7.8%), Hispanic (6.1%), Indian (2.0%), and Asian (0.9%) (Jones, Kandel, & Parker,

2007).

Uniform L earning Environment

In order to provide a consistent and equitable learning environment, all students
participating in this state-wide online program were taught by onlinedesashlected, trained,
and supervised by the state-wide online organization following research-bagelthgsifor
online instruction (S. Allen et al., 2010; INACOL, 2008; Savery, 2005). The students were
provided with school-based support from onsite and lab facilitators who were aigal togithe

state-wide online program staff (S. Allen et al., 2010).
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The online courses have been aligned to state educational standards and elepedev
by an instructional design team following consistent design principles (GHefE Southern
Regional Education Board, 2006). Course development included creation of formative and
summative assessment so that all students in a particular course wesedassigg) the same
tests. The learning management system randomized the order of test questi@spanses
when possible so students received different versions of the online tests. Alkéma were
written by the online course design team rather than the online instructofmallexams for
all courses except those with state end-of-course tests were taken ptiimstadents’ home
schools and proctored by the lab facilitators trained by the online progranSstakénts taking
courses with state end of course tests took those tests under the state mantiztetizsd

course administration guidelines, and those test results were used as theafimgrade.

I nstrumentation

The original survey instrument, the Self-Directed Learning InventorySivas a 10
item survey with responses made on a five-point Likert scale: 1=StrDigggree; 2=Disagree;
3=Neutral/Undecided; 4=Agree; 5=Strongly Agree (Lounsbury et al., 200%).SDIlil was
developed by Lounsbury and Gibson (2006) for the measurement of SDL as a personaiity tra
adolescents and adults. Two additional questions were added during the ¢udeirt an effort
to adapt the survey to the online secondary participants (Appendix A). The origidav&®a
self-report instrument that investigated SDL as a narrow persptralitand had a single-factor
structure (Lounsbury et al., 2009).

Lounsbury et al. (2009) established construct validity for the original 10-itala gsing

samples of middle school, high school, and college students. The “Self-Directathfjeacale
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was highly positively related to Guglielmino's Self-Directed LaagriReadiness Scale (r =.82,
p<0.01)” (Lounsbury et al., 2009, p. 415). Lounsbury et al. (2009) established relationships with
normal personality constructs using Cattell's 16 PFe@ition) (Cattell, 1993), Costa and
McCrae’s NEO-PIR Big Five inventory (Costa, 1992), and Lounsbury and Gibson’ss&dote
Personal Style Inventory (APSI) (Lounsbury & Gibson, 2006). The study reksalied
relationships with the traits of Openness, Conscientiousness, and Neuroticttio/am

Stability of the Big Five personality traits and to Work Drive, OptimiSm@nse of Identity,

Career Decidedness, Self-Actualization and (low) Anxiety from th@wgversonality traits
indicating the nomothetic validity of the SDL scale (Lounsbury et al., 2009). A condirynat
factor analysis based on a sample of 4125 college students verified a simglstfacture for

this survey (Lounsbury et al., 2009). Criterion related validity for the original &ale was
established through correlation between SDL and cumulative GPA. Thesetmrsdiar the

“9™ 10" and 13 grades were r=.26, .26, .37, respectively (all p<.01)” (Lounsbury et al., 2009,

p. 415).

Data Analysis

Three stages of analysis took place in the proposed study. The first stage inctaded da
screening and psychometric analysis of the SDLI using classicdieesy {CTT) and item
response theory (IRT). The second stage involved latent class analysis optmsessrom the
psychometrically sound SDLI items in order to determine the number of undddigmg
classes of self-directed learning. The research questions were addndbseithird stage of

analysis. The SDL scores and SDL latent class membership developed duesgamgnd
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two of analysis were used along with demographic and achievement data to adde=s=aticl r

guestions.

Data screening.

Some students were enrolled and took the SDLI but did not ever log in to the online
course or turn in any graded work. These enroliments were not included in the tdatzasse
they did not participate at all in their online course. Students, who initialigipated in the
online class but subsequently ceased turning in work, were dropped or withdrawn from the
course following guidelines established by the online school leadership tear8DLI results
from these enroliments were included in the dataset; and, for those misalrexém and final
course grades, the exam and final course grades were coded as missmdataranalysis.

Screening for erroneous data, as well as descriptive statisticepnadiscted using SAS
9.2 (SAS, 2008). Description of the sample was provided including frequencies, meansd standa
deviations, kurtosis and skew values for any variables related to the reJé¢e&hapiro-Wilk
test was used to check for non-normal distribution, and multivariate normal disimiles
tested using lisrel 8.8 (Joreskog & Sorbom, 2006). The normality and skew values must be
evaluated for the scale items since the maximum likelihood estimation usecategerical
confirmatory factor analysis (CCFA) assumes that the data follow & aridte normal

distribution.

Item analysisusing classical teststheory.
Although validity and reliability has been established for the SDLI (Lounsitua,,

2009), it was still necessary to establish these as part of the currenthigseaess. Internal
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consistency and item-total correlations were assessed using Chronljalch’®athe 12-item
SDLI. Items with low item-total correlation were flagged for furtherdysia.

Since the original survey was found to be unidimensional (Lounsbury et al., 2009), it was
important to find whether CCFA would show that a single factor, SDL, was assbwidi the
variance in the results of the current study (T. A. Brown, 2006). CCFA was conducted to
determine unidimensionality of the ordered categorical data generasebiinyistration of the
SDLI. CCFA and differential item functioning analysis (DIF) wereassary when an existing
measure, such as the SDLI, was used in a new setting, in this case with studerasline

environment (Zumbo, 2007).

Item analysis using item response theory.

Item response theory (IRT) is based on the premise that it is possible to prediptain
a student’s test results by defining a latent trait, SDL in this case, timatésy the scores for
the trait. From this information it was possible to explain item and test paricer(Hambleton
& Swaminathan, 1985). The item responses to the SDLI were used to generate an observed
score distribution. This distribution was then used to develop a mathematical modi} for se
directed learning (Hambleton & Swaminathan, 1985).

The IRT model used to generate the mathematical model from the observed score
distribution was the graded response model. In Samejima’s (1969) graded eespoies
(GRM), used with ordered categorical data, each item was described by a stopetpg and
one or more between-category threshold parameters. The latent tlaitwW&®represented bg
“which can theoretically vary frome to 400 and is a continuous unidimensional construct that

explains the covariance among item responses (Steinberg & Thissen, 199%¥, (S, p. 7).
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“The slope or discrimination parameter indicates how well an item is ablectordisate
between contiguous trait levels” (Hays, Liu, Spritzer, & Cella, 2007, p. S33). Hshdt
parameters predicted the cut-off values between levels of endorsement.eBhelthparameter
provided the measure of SIA,, at which students at that given measure of SDL have a 50%
probability of endorsing at that level (strongly agree for example) arlolhere were four
threshold values for each five category item.

For each item, the model produced a valueddat included the item discrimination, a,
and four threshold parameters; by,. This model was used to provide a picture of how well
individual items in the SDLI discriminate between students with different amodithe latent
trait, SDL and in which ranges of SDL the items function best. The probability theg@oent

with given measure of SDL would endorse at level k or higher for item i was:

P(6)= S
1+expl-Da @ -h; )]
Where:
i =item # D=17
k=0,1,2,3,4 ¢= SDL latent trait parameter
a = slope parameter for item i i1l = # of ordered response categories

byi = threshold parameter for category k of item i (Hambleton & Swaminathan, 1985)
Item characteristic curves were generated using GRM. The resué#taaglitnes for each item
were used to help visualize and compare relative item discrimination and giffitieim
difficulty located where the item functions along SBLfrom low SDL to high amounts of SDL.
Item information curves allowed a second comparison of relative precision of

measurement of SDL for each item. The item information was inversatgaddb the standard
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error associated with the estimated SDL. High standard error produceeérarifarmation
curve, indicating lower reliability, while a lower standard error producadhge with a higher
peak indicating more precision and an item that provided more precise informatiomhabout
respondents’ SDL.

The proportion of variance accounted for by SDL was calculated for each item as
coefficient of determination, R Items with the lowest coefficient of determination were flagged
for examination when selecting the most psychometrically sound items fanahedrsion of
the SDLI.

Several versions of the SDLI were created. Version A included the full 12-ité SD
Version B included the 10-items used in the original SDLI that were testedlidity and
reliability by the creators of the instrument (Lounsbury et al., 2009). One orsmosequent
versions included various combinations of the SDLI where the items flagged during IRT
modeling and factor analysis processes were removed. Graded response medels\version
were generated. A goodness of fit comparison was made using Akaike Informtioia C
(AIC), Bayesian Information Criteria (BIC), adjusted BIC, Compardtiendex (CFl), the
Tucker-Lewis Fit Index (TLI), and the Root Mean Square Error of Approxam@dRMSEA).
The version containing the most psychometrically sound items and providing the nithdaew
best fit was designated as the final version which was named SDLI-e amgal).

Psychometric analysis of the SDLI-e was conducted repeating eadlgses This
included tests for multivariate normality, Chronbach’s alpha, and CCFA complagistaindard
error with the 12-item SDLI.

Multiple indicator multiple cause (MIMIC) modeling was used to discovelthanany
of the SDLI-e items demonstrated differential item functioning (DIF) vétiard to gender.
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Comparison ofy® goodness of fit with and without gender as the covariate was conducted using

7z difference testing as recommended by Muthén and Muthén (2010).

Here as well, the measure of SDL based on IRT theory used item responses,the fi
psychometrically sound SDLI. Samejima’s (1969) GRM was used to gefigtheemeasure of
SDL. The resulting item discrimination values and threshold parameters vatbritem
characteristic, item information, and total information curves, were usedui@ disat the model
provided enough discrimination across the range of self-directed learnisgnes&aand that the
SDLI provided information across the spectrum of self-directed learninglfner8DL to high
SDL.

After the measure of SDL for each respondent was calculated from the resjuotiee
items in the SDLI-e, the results, expressef, agere used to generate a scale score for each
respondent. The equation was SDL IRT scale score = 50 9)10)(

A second measure of SDL was generated, based on classical test theddmbyre
responses to the SDLI-e to produce an SDL CTT summed score for each respondent. For
example, if a student chose the following responses to the 10-item version (1, 2, 3,1, 1, 2, 2, 3,
3, and 5) the SDL CTT summed score for that respondent would have been 26. Pearson’s
correlation using SAS 9.2 (SAS, 2008) was used to find how well the SDL IRT scaeascor
the SDL CTT summed score were correlated.

L atent classanalysis.

The third measure of SDL in this study was latent class membership. Maximum
likelihood estimation was used to perform LCA of the SDLI-e item respormestifie study
sample. LCA was conducted using Mplus 6.12 (Muthén & Muthén, 2010) to estimate

unobserved heterogeneity due to SDL as expressed through responses to thel8BLI-e
53



maximum number of classes that produced the best model fit for the SDL constsuct w
determined using Akaike Information Criteria (AIC), Bayesian InfdiomeCriteria (BIC),
adjusted BIC, and entropy. The Vuong-Lo-Mendell-Rubin test and the bootstrappeétparam
likelihood ratio test were used to test model fit.

Latent class modeling produced probability of endorsement at each of five leaels, t
strongly disagree through strong agree, for each SDLI-e item. Thenpaftesndorsement for
each class allowed the assignment of a descriptor for each latentfetassxample, if
respondents assigned to latent class 1 tended to have a consistent high probabiliteto choos
strongly agree for most items on the SDLI-e, then latent class one might havdebgmated as
highly self-directed learners.

Once the number of latent classes that generated the best model fit wageeteiis
model was used to assign class membership. The estimates from the datentarel solution
were used to generate an estimate of the conditional probability that the resporareyedel a
particular latent class based on that respondent’s level of endorsemerhfdesra(Hagenaars
& Halman, 1989). The respondent was assigned to the class for which this conditional
probability was largest. A test for entropy was conducted to see if maxionaitional
probability could be used to assign class membership. Entropy results draat@:80 would
allow this simpler method of assigning latent class membership (S. k. &Muthén, 2009).
Results of the test for entropy showed entropy greater than 0.80, so assigningdasent
membership based on maximum conditional probability of endorsement level \eptahte.

Each record in the sample included three results that indicated a measurefof 8iat.
enrollment. They were the SDL CTT summed score generated throughkallésst theory; SDL
IRT scale score generated through IRT modeling; and SDL latent atesbership generated
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through latent class analysis. These three measures of SDL along with gémueity, grade
level, online course completion status, final course grade, and cumulative gradevprage

were used in inferential statistical analysis to respond to the researtbrgies

Resear ch Question One

After the number of classes of the latent variable, self-directed learreng,dstermined
and each enrollment was assigned to an SDL latent class, the question arbee tivbst
classes were significantly different from each other. This generateidstire$earch question.
Do distinct latent classes of self-directed learning exist amomgdary students taking online
courses? The null hypothesis to be tested was: There are no distinct laserst wids respect
to self-directed learning among secondary students taking online courseswayagalysis of
variance (ANOVA) was conducted to evaluate the relationship between thetqredriable,
SDL class membership, and the responding variable which was SDL IRT swaleAscfurther
corroboration of the relationship, ANOVA was also conducted to evaluate the reigiions
between the SDL class membership and the SDL IRT scale score. Thenswfethgt
relationship between the SDL class membership and the SDL scores veasasse?, effect
size including 95% confidence levels.

ANOVA is relatively robust to non-normality, but is more sensitive to unequal group
variance. Therefore the Brown-Forsythe test was used to test for homogémneitiance. The
Brown-Forsythe test for homogeneity of variance was used rather theevitiee’s test because
it is more robust against non-normal distribution but is still statisticallyeplolv The equation
is based on the F statistic using the absolute deviation of the residuals abouétheir rather

than about their mean as is the case with the Levene’s test.
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Results of the Brown - Forsythe test indicated significant heteroscetyasticfollow-up testing
with the Kruskal-Wallis test was conducted since it is a nonparametric test.

Since ANOVA indicates whether there is at least one significant elifteramong the
pairs, but does not indicate which means are significantly different, it wassaegéo perform
post hoc tests. The Bonferroni (Dunn) t-test lends itself to multiple pairwigeacizons and is
robust to nonparametric data. The Bonferroni (Dunn) t-test was performed ussng SESAS,
2008). The Bonferroni t-test finds differences between means for all maat eféans, in this
case between the latent classes of SDL. In order to minimize theviaseilgrror rate (the
probability that a Type | error will occur by chance), each comparisorvedsated using
a'=aln, where n was the number of tests performed.

As further corroboration of the relationship, ANOVA, Brown-Forsythe test, the
Bonferroni (Dunn) t-test, and the Kruskal-Wallis test were also conductedltatvthe
relationship between latent class membership and the SDL CTT summed scoteeridth sf
the relationship between class membership and SDL scores was assessextloging 95%
confidence levels which indicated the amount of variance associated with SBL cla

membership.

Resear ch Question Two

If there was a significant difference in SDL by gender, then geredsdity with the
population had to be considered. In addition, issues such as differential item functioning
between males and females needed to be investigated. Therefore it was nécassastigate
whether there was a difference in the measure of SDL between male arel$erdahts.

Research question two asked: Is there a significant difference-airssifed learning according
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to gender? The null hypothesis to be tested was: There is no significartndiéféen SDL
according to gender.

Multiple indicator multiple cause (MIMIC) modeling was used to discover hanetny
of the SDLI items demonstrated differential item functioning (DIF) witfard to gender. The
MIMIC model approach to examining DIF involved a confirmatory factor arelygh gender
as the covariate (Woods, Oltmanns, & Turkheimer, 2009). Weighted least square graramet
estimates (WLSMV) has been recommended for analysis of skewed czdédata in samples

of moderate size (T. A. Brown, 2006; Flora & Curran, 2004). For comparison of goodnéss-of-f
with estimates using WLSMV, simple subtraction)dfvalues with and without gender as a

covariate was “not appropriate because the chi-square difference istnbutdid as chi-square”
(Muthén & Muthén, 2010, p. 399). Instead, the difference test for the WLSMV estimators was
used with the DIFFTEST option in Mplus 6.2 (Muthén & Muthén, 2010). ANOVA was
conducted on the full data set and on the data set without the items showing DIkiatecine
relationship between the predictor variable, gender, and the responding viluea®@L IRT

scale score. The Brown-Forsythe test was used to test for homogeneitiaotear

Resear ch Question Three

Research question three asked: Is there a significant differencédireeted learning
according to ethnicity? The null hypothesis to be tested was: There is nccamgnififference in
SDL according to ethnicity. ANOVA was conducted to evaluate the relationshvpdrethe
predictor variable, ethnicity, and the responding variable, the SDL IRT scaée scsecond
ANOVA was conducted to evaluate the relationship between the predictor variableity

and the responding variable the SDL CTT summed score. The Brown-Forsythestesed&o
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test for homogeneity of variance. Significant heterogeneity of variancaiadiby results of the
Brown-Forsythe test pointed to the need to conduct the non-parametric Krudkalt¥gafor
the SDL IRT scale score and then for the SDL CTT summed score as vamigplesding to

ethnicity.

Resear ch Question Four

The study sample included students in grades 8 through 12. When SDL was viewed as
an attribute of personality, a psychological attribute, researcherpr@vesed that for adults
SDL tends to persist across time and from one learning environment to the.geXM¢€rae&
Costa Jr, 1997; Oddi, 1984, 1986, 1987). However, it has been found that personality traits tend
to be still in flux until late adolescence (Arnett, 1999; McCrae et al., 2090&)was necessary
to investigate whether the measure of SDL was significantly differéweba students by grade
level. Research question four asked: Is there a significant differendédiireeted learning
according to grade level? The null hypothesis to be tested was: Theregsifioasit difference
in SDL according to grade level. ANOVA was conducted to evaluate theoredhip between
the predictor variable, grade level, and the responding variable, the SDL IR Bcmee. A
second ANOVA was conducted to evaluate the relationship between the predictaeyaria
grade level, and the responding variable the SDL CTT summed score. The Broyiné test
was used to test for homogeneity of variance. Since results from the AN&Yildicated that
there was a significant difference in SDL according to grade leval foflew up post hoc tests

with the Bonferroni (Dunn) t-test were conducted.
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Resear ch Question Five

Research question five asked: Is there a significant difference pletion of online
courses associated with self-directed learning class memberskpfiThypothesis to be tested
was: No significance relative to completion of the online course is associ#teseif-directed
learning class membership. Students in this study, who took the SDLI andyiipé&eicipated
in the online class but subsequently ceased turning in work, were dropped or withdrawimefrom
course following guidelines established by the online school leadership teansmymhtke as
withdrawn in the data set.If the student took the SDLI, initially logged in, turned katdsast
part of the time, then took the final exam, the student was classified as ateon#ptevo-way
contingency table analysis was conducted to evaluate whether tendendydrawitrom a

course is significantly different based on SDL class membership.

Resear ch Question Six

One possible measure of academic achievement is the final grade in the amigee df
there is a relationship between SDL class membership and academic achietieeneschool
staff might be able to more easily identify students who will need more suppbeir online
classes.

Research question six asked: Is self-directed learning class nséiplbessociated with
significantly different academic achievement as expressed bycbnate grades for online
students? The null hypothesis to be tested was: There is no significant déferasademic
achievement as expressed by final course grade between students witltapaitisses of self-

directed learning.
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ANOVA was conducted to evaluate the relationship between the predictor v&i2ble
class membership, and the responding variable final course grade. TheBnsythe test was
used to test for homogeneity of variance. If results from the ANOVA testirdi¢hat there
was a significant difference in final course grade according to S&3s chembership, then
follow up post hoc tests with the Bonferroni (Dunn) t-test were conducted. The Istoéigg
relationship between SDL class membership and final course grade wasdsses including
95% confidence levels which indicated the amount of variance in final course gsadeted

with SDL class membership.

Resear ch Question Seven

A second measure of academic achievement is cumulative GPA. Reseatangeven
asked: Is self-directed learning class membership associated wificaigtly different
academic achievement as expressed by cumulative grade point ave@agméostudents? The
null hypothesis to be tested was: There is no significant difference in acaadmnevement as
expressed by cumulative grade point average between students with partéasdes of self-
directed learning.

ANOVA was conducted to evaluate the relationship between the predictor vaiidble S
class membership, and the responding variable GPA. The Brown-Forsythasested to test
for homogeneity of variance. Results from the ANOVA test indicated that thera sigsificant
difference in GPA according to SDL class membership, and follow up post howitbstise
Bonferroni (Dunn) t-test were conducted. The strength of the relationshipeme®is_class
membership and GPA was assesseabincluding 95% confidence levels which indicated the

amount of variance in GPA associated with SDL class membership.
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Recursive Partitioning to Interpret SDLI1-e

Practitioners need a relatively straightforward way to interpreiethdts of the SDLI-e
for each student in order to provide the appropriate support for students less likelywe achie
academically. Practitioners cannot be expected to perform the compleemmaéical modeling
conducted in this study. Instead, a set of guidelines for interpretation of theeSB4uHts
should be provided for the personnel who want to administer the SDLI-e and interpest the
results. These guidelines must be based on statistically sound methodologssiliée to use
recursive partitioning to produce classification and regression treesatégorical variables to
help provide this information (Strobl, Malley, & Tutz, 2009).

Recursive partitioning is used in data mining to help visualize the structure withta a
set. This is also called the classification and regression tree arsgdgstsach. When used with
categorical or binary data, this procedure produces a classification treplitsathe data set into
successive subgroups. When the dependent variable is continuous, then a regression tree i
produced.

The present study used R package rpart (Therneau, Atkinson, & Ripley, 2012) for
classification and regression tree analysis. Recursive partitioningsedgo produce a
regression tree in order to develop practical guidelines that would allow ipreattto use
results of the SDLI-e to help determine which students might be expected terecper
academic success. This process allowed selection of cut scores fol tI$Bummed scores
based on statistically sound criteria using GPA as the dependent variabkd @ results of
the inferential statistics addressing research questions one through ses&ontest
association between self-directed learning and the other observed variable§h@PA (o> =
0.09 (0.06, 0.13)) followed by grade leveb*(= 0.03 (0.01, 0.06)). A classification tree was
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produced using the binary variable, course completion status, since completiowataalso
found to be statistically significanyf= 8.421, p = 0.0120).

The resulting cut scores could be made available to onsite facilitators amel onli
instructors allowing them to compare the student’s composite score from theeSidried the
SDL CTT summed score in this study, with the cut score in order to know which studerds woul
tend to be more self-directed and which would tend to need more focused support to achieve

academic success in the online environment.

Chapter Summary

In summary, existing data from an online secondary school in Tennessee was used. This
included results of the self-report Self-Directed Learning Inventimyirsistered to all students
who took the online orientation along with the masked demographic and achievement data
associated with those students. The initial part of the three stage datégsanelyded data
screening and psychometric analysis of the SDLI. This included item anagysg classical
test theory and item response theory to select the psychometrically sonsidoitereate the final
version of SDLI, the SDLI-e. The SDLI-e was checked for differential ftemtioning by
gender.

The second stage used IRT modeling and LCA to develop a model for SDL in online
secondary students. Three SDL scores were calculated for each enrollimeyivere SDL
CTT summed score, SDL IRT scale score, and SDL latent class membership.

Finally, the three SDL scores along with demographic data and achievenzewedat
used to address each of the research questions. The association between theh&iaswaed

tendency to withdraw from online classes at the secondary level was iates@g well as
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whether the measure of SDL was associated with significantly diffacaemic outcomes as

expressed by final course grades and GPA for online students.
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CHAPTER 4

RESULTS

Overview of the Study and Design

As enrollment in online courses at the secondary level increases, understanding the
learning characteristics of the students taking these courses grows itamspqPeterson,
2011). The purpose of this study has been to elucidate self-directed learningslesgcmline
students through examining whether specific profiles exist and are asdoeitt academic
achievement. Results of such a study may allow schools to provide extra support to stadents
exhibit SDL profiles associated with lower academic achievement#ureasing the chance of
withdrawal from the course and increasing the chance of academic sucttessanline course.

This study used existing student data from the spring 2011 term of the statenkne
secondary school in Tennessee. A 12-item survey, the Self-Directed Learrentpry (SDLI),
was incorporated into the online student orientation as part of the normal prograra for thi
organization (Lounsbury et al., 2009). SDLI results, course grades, and demograpmatioh
for participating students comprised the data set for this study.

The research questions and null hypotheses for this study are provided here. Ehey wer
Q1- Do distinct latent classes of self-directed learning exist among segaadents taking

online courses?

Q2 — Is there a significant difference in self-directed learnocgraing to gender?
Q3 - Is there a significant difference in self-directed learnaecgraing to ethnicity?
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Q4 - Is there a significant difference in self-directed learnaegraing to grade level?

Q5 - Is there a significant difference in completion of online coursesiased with self-
directed learning class membership?

Q6 — Is self-directed learning class membership associated withcagtlif different academic
achievement as expressed by final course grades for online students?

Q7 - Is self-directed learning class membership associated withicagtly different academic
achievement as expressed by cumulative grade point average for online 8tudents

The null hypotheses associated with these questions were:

Hol — There are no distinct latent classes with respect to self-directedi¢panmbong secondary

students taking online courses.

Ho2 — There is no significant difference in SDL according to gender.

Ho3 — There is no significant difference in SDL according to ethnicity.

Ho4 — There is no significant difference in SDL according to grade level.

Ho5 — No significance relative to completion of the online course is associatecklfAtdiracted
learning class membership.

Ho6 — There is no significant difference in academic achievement as expressed tqurse
grade between students with particular classes of self-directechigarni

Ho7 — There is no significant difference in academic achievement as expressedulgtive

grade point average between students with particular classes of seddllezching.

Overview of Psychometric and Statistical Analyses
This study investigated self-directed learning in secondary online studestarfmyning

whether specific profiles for SDL as a personality trait existifiorae associated with academic
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achievement. Descriptive statistics of the demographic data and SDLEgponses are
presented in the first section of this chapter. Results from statisticatipresaused to test the
SDLI survey items for psychometric soundness are presented. These procedeltzssee on
classic test theory (CTT) and item response theory (IRT).

The remaining chapter sections present results from analyses of tHerfimalf the
survey that included the psychometrically sound items as determined by tileaimallyses
using CTT and IRT. The initial section of this part of the chapter presenttsrektiie
differential item functioning (DIF) analysis by gender of the psychooadty sound survey
items using the Multiple Indicator Multiple Cause (MIMIC) approach. Resultsliability
testing are provided including Cronbach’s alpha as well as results fromotestsrfposite
reliability calculated from factor loadings from CCFA, which provide supporvélidity of the
survey instrument.

Latent Class Analysis (LCA) results are presented in the next sectilois ochapter.
Using Mplus 6.12 software (Muthén & Muthén, 2010), LCA was performed to determine the
number of latent classes that provided the best model fit for the underlyingviatieble under
investigation, which was self-directed learning. Comparison of model fit ustadké
Information Criteria (AIC), the Bayesian Information Criteria (BI&nd the Adjusted BIC
allowed selection of the optimal number of latent classes. Based on item resgacbestudy
participant was assigned to an LCA class.

The final segment of this section of the chapter provides results from the tatcafa
SDL IRT scale scores and SDL CTT summed scores. Based on the SDLalR$swre, SDL
CTT summed score, and SDL latent class assigned to each participanténetrgsiestions
were addressed.
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Descriptive Characteristics of the Respondents

The sample included 780 enrollments during the spring 2011 term of an online high
school by students from 59 of the 137 districts in Tennessee. As shown in Table 1, there wer
12% more enroliments from females than males. The majority of enrolimergsfnom white
students, 81.28%, while 12.69% were from black students. Free and reduced meal status is
sometimes used as an indicator of family income. Students from rural areaslaxerall rate
of 42% with free and reduced meal status (Aud, Fox, & KewalRamani, 2010), while 32.44% of
the enrollments from the current study are from students who qualify for freduwsred lunch
(Table 1). Enroliments increase in each grade from 9.74% in eighth grade to 29 .tiv&tth

grade. The overall completion rate for the online courses was 88.33% of the totahemsl|

Table 1 Demographic characteristics of the study sample

Variable Frequency Percent

Gender Male 342 43.85
Female 438 56.15
Asian 18 2.31
Black 99 12.69
o Hispanic 23 2.95
Ethnicity Indian 2 0.26
Pacific Islandel 4 0.51
White 634 81.28

Free &
Meal Status Reduced 253 32.44
Neither 527 67.56
8 76 9.74
9 94 12.05
Grade 10 186 23.85
11 192 24.62
12 232 29.74
Completed 689 88.33

Course .

Withdrawn 91 11.67
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Table 2 provides descriptive statistics from the cumulative GPA and the finakagnades for
the study sample. Although GPA was available for all 780 enrollments, theremherZ03
(90.1%) of the enrollments with final grades for the online course. Of the eanddirassigned
final course grades, 14 (1.2%) were designated as withdrawn by their schoctkdBoth GPA
and final grade distribution were slightly skewed to the left while kurtedess than 2 for both
GPA and final course grade. The Shapiro-Wilks test indicated a non-norméludistri

(p<0.001) for both variables.

Table 2 Measures of achievement

Shapiro-

Variable n Mean Std. Dev. Kurtosis Skewness  Wilks p-value
GPA 780 2943 0.923 1.467 -1.140 0.898 <0.001
Fnal 743 77957 20344  1.902 -1559  0.823  <0.001
Grade

Psychometric Analysis
The Self-directed Learning Inventory (SDLI) was placed at the begimitinge online
student orientation for each of the 37 courses during the spring 2011 term. Because the online
orientation was gated, that is the student could not access the online course Sitilithad
the online orientation were completed, all students in the study sample respontiédrtts ah
the SDLI, generating data from 780 enroliments. The SDLI items are providggbendix A.
Although the original 10 item SDLI was tested for reliability and validityh®yoriginal
researchers (Lounsbury et al., 2009), it was still necessary to anal\@Bltheesults in the
current study to assure psychometric soundness of the scale for this stpth Jd® addition

of two items to the survey, questions 11 and 12 (Appendix A) added to the need for the
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psychometric analysis of the SDLI in the 12-item form. The ordered catalg@sponses were
based on a five-point Likert scale: 1=Strongly Disagree; 2=Disa8r@éeutral/Undecided,;
4=Agree; 5=Strongly Agree.

Results from the proc univariate procedure using SAS 9.2 (SAS, 2008) were used to
screen for erroneous data. All of the values for the five category itermsespwere within the
range of 1 to 5. Since the online survey only allowed selection of the five optiond.ddefte
scale, any item response less than 1 or greater than 5 would have indicatectipttcamerror.
None of these were found. The means of the item endorsements (1 — 5) ranged froite®1385 (
3) to 4.229 (item 12) (Table 3). Expected means for a theoretical normal distribution would be
3.0 for a five-point Likert scale. All items demonstrated non-normality. It&vas8the only
positively skewed item (0.8117). Item 8 states, “If there is something | neearto I find a way
to do so right away.” The positive skewed result indicated the students tended te endors
strongly disagree or disagree more than agree or strongly agree. Théeotisasteémonstrated
negative skewness ranging from -0.977 to -0.134. Kurtosis ranged from -0.591 to 1.2&6 (Tabl
3). Based on the Shapiro-Wilk statistic, ranging from 0.793 for item 12 to 0.905 for item 9, none

of the items were normally distributed (p < 0.001).

Item analysis.

The steps followed to select and analyze the psychometrically sound iteimes &l l
are listed here. The 12-item SDLI were analyzed using both clagstatheory and item
response theory. Based on these analyses, psychometrically sound itenedegtrd &r
inclusion in the final version of the SDLI, designated as the SDLI-e. The 10 questioreSDLI

was tested for consistency and reliability as well as differaigial functioning. Differential
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item functioning testing investigated whether individual items functioned (@ pexceived)
differently by some segment of the study sample such as males versus fé&eatahe item
responses for each respondent were tabulated to create an SDL CTT summekhsdibren
SDL IRT scale scores were calculated based on item response theoly, tiagé SDL IRT
scale scores were used to determine the number of clusters or groups oéstdtidearning,

called latent classes, that existed in the study sample using lasmackysis.

Item analysis using classical teststheory.

Prior to analyzing individual scale items, internal consistency waesssd bycomputing
Cronbach’s alpha for the total scale. A Cronbach’s alpha greater than 0.800 &dlgerewved
as acceptable (Reeve et al., 2007). Cronbach’s alpha for the total scale was Oc&@igndi
internal consistency for the SDLI as administered in this study. Itexheimtrelations were in
the moderate range of 0.500 to 0.686 except for item 6 (0.426) and item 7 (0.283) which
exhibited low correlation with the total (Table 3). As shown in column ten of table 3pdebdét
item 7 would raise the Cronbach’s alpha for the total scale to 0.869 which is dreatdre

value for the 12 item SDLI (0.865).
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Table 3 Descriptive statistics for SDLI items 1 - 12

Shapiro- Correlation  Alpha*
Variable n M Std. Dev. Kurtosis Skewness Wilk p-value  With Total

Q1 780 3.662 0.920 0.042 -0.442 0.880 <0.0001 0.519 0.856
Q2 780 3.442 0.943 -0.203 -0.331 0.893 <0.0001 0.625 0.850
Q3 780 3.385 0.955 -0.359 -0.257 0.898 <0.0001 0.585 0.852
Q4 780 3.881 0.804 0.764 -0.657 0.839 <0.0001 0.581 0.853
Q5 780 4.056 0.852 0.410 -0.745 0.834 <0.0001 0.594 0.852
Q6 780 3.921 0.861 0.388 -0.646 0.851 <0.0001 0.428 0.860
Q7 780 3.628 0.988 -0.591 -0.259 0.891 <0.0001 0.283 0.869
Q8 780 3.747 0.812 0.659 0.812 0.863 <0.0001 0.502 0.857
Q9 780 3.388 1.015 -0.563 -0.134 0.905 <0.0001 0.626 0.849
Q10 780 3.647 0.992 -0.183 -0.484 0.887 <0.0001 0.686 0.846
Q11 780 3.829 0.950 0.482 -0.773 0.857 <0.0001 0.584 0.852
Q12 780 4.229 0.791 1.216 -0.977 0.793 <0.0001 0.500 0.857

*Alpha if variable is deleted
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Categorical confirmatory factor analysis.

Before an IRT model fit could be determined the assumption of unidimensionadity wa
assessed. “CFA of a measuring instrument is most appropriately applied toesehat have
been fully developed, and their factor structures validated” (Byrne, 2012, p. 99nalysis is
called categorical confirmatory factor analysis (CCFA) when agphieordered categorical data.
Therefore CCFA was conducted of the 12-item SDLI from the current stucky SDLI has
been validated (Lounsbury et al., 2009). CCFA of the 12-item SDLI using Mplus 6.12eaddica
unidimensionality. The value for item one was fixed to 1.00 and the remaining f@adongd
parameters were freely estimated (Table 4). Results in table 4 shoW dstinzates were
reasonable and statistically significant as indicated by the valudergitesn 1.96 in column 4

and p-values in column 5. All of the standard errors were within acceptable(Bymge, 2012).

Table 4 Categorical confirmatory factor analysis for items 1 — 12

Two-Tailed
SDL by  Factor Loading S.E. Est./S.E. P-Value

Q1 1.000 - - -
Q2 1.224 0.054 22.667 0.000
Q3 1.156 0.057 20.278 0.000
Q4 1.164 0.057 20.405 0.000
Q5 1.210 0.053 22.639 0.000
Q6 0.888 0.054 16.401 0.000
Q7 0.586 0.053 11.158 0.000
Q8 1.035 0.055 18.775 0.000
Q9 1.180 0.057 20.598 0.000
Q10 1.302 0.055 23.815 0.000
Q11 1.049 0.053 19.928 0.000
Q12 1.089 0.058 18.877 0.000
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Item analysis using item response theory

Item response theory (IRT) is based on the premise that it is possible to prediptain
a student’s test results by defining a latent trait, SDL in this case, ti@at@sy the scores for
the trait. From this information it is possible to explain item and test penf@en@&ambleton &
Swaminathan, 1985). Samejima’s (1969) graded response model (GRM), used to dastribe
item by a slope parameter and between category threshold parameteatirggaaneasure of

the latent trait (SDL) is represented ByTable 5 displays the estimated slope and threshold

parameters for the 12 items in the SDLI resulting from application of grasiponge model.
“High slope parameters (a) indicate the items are highly related tatéme trait measured by
the scale” (Reeve, 2006, p. 60). The discrimination parameters for the 12 itgexd fram a =
0.681 for item 7 to a = 2.288 for item 10 (Table 5). The threshold parameters, for each
item indicated the trait level where the probability was 0.50 that the responstbecatl that
level or higher along the SDL scale. For example, in the estimated modehiat, there was a
0.50 probability that students who chose “agree” for item 1 ( | regularly leagston my own
outside of class) would have a measuré@ af-0.562 along the scale (Table 5). Inspection of the
thresholds for each of the 12 items demonstrated monotonicity in that the measure of SDL
expressed adincreased with increasing level of endorsement for all items. For egaimtiem
1 the estimated measure of SDL increased from - 4.726 for b1 (the threshold valenbetwe
“strongly disagree” and “disagree”) to 1.982 for b4 (the threshold value betweee™agd

“strongly agree”).
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Table 5 Item response analysis for items 1 — 12 of the SDLI

Threshold
Two-
Item Item Tailed
Iltem Response Frequency PercenParameters Estimate S.E. Est./SHEValue
1 15 1.92 a 1.383 0.104 13.341 0.000
2 57 7.31 bl -4.726 -0.289 16.364 0.000
Q1 3 245 31.41 b2 -2.896 0.155 -18.687 0.000
4 323 41.41 b3 -0.562 0.098 -5.732 0.000
5 140 17.95 b4 1.982 0.126 15.701 0.000
1 20 2.56 a 1.897 0.128 14.833 0.000
2 99 12.69 bl -5.03 0.291 -17.292 0.000
Q2 3 268 34.36 b2 -2.571 0.155 -16.544  0.000
4 302 38.72 b3 -0.079 0.112 -0.703 0.482
5 91 11.67 b4 3.076 0.18 17.091 0.000
1 20 2.56 a 1.74 0.119 14.582 0.000
2 118 15.13 bl -4.789 0.273 -17.548 0.000
Q3 3 269 34.49 b2 -2.25 0.141 -16.014 0.000
4 288 36.92 b3 0.072 0.107 0.671 0.502
5 85 10.9 b4 3.048 0.174 17.489 0.000
1 7 0.90 a 1.823 0.13 14.018 0.000
2 31 3.97 bl -6.122 0.434 -14.092 0.000
Q4 3 169 21.67 b2 -4.118 0.228 -18.071 0.000
4 414 53.08 b3 -1.575 0.128 -12.256 0.000
5 159 20.38 b4 2.023 0.143 14.171 0.000
1 6 0.77 a 1.854 0.135 13.772 0.000
2 27 3.46 bl -6.426 0.476 -13.503 0.000
Q5 3 145 18.59 b2 -4.352 0.245 -17.787 0.000
4 341 43.72 b3 -1.863 0.137 -13.573 0.000
5 261 33.46 b4 1.018 0.119 8.576  0.000
1 8 1.03 a 1.065 0.095 11.261 0.000
2 34 4.36 bl -5.093 0.369 -13.787 0.000
Q6 3 172 22.05 b2 -3.274 0.176 -18.573 0.000
4 364 46.67 b3 -1.194 0.098 -12.178 0.000
5 202 25.90 b4 1.234 0.1 12.374 0.000
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Table 5 (cont.) Item response analysis for items 1 - 12

Item Response Frequency

Item

Threshold

Item
PercenParameters Estimate S. E.

Two-
Tailed
Est./S.E.P-Value

1 11 1.41 a 0.681 0.079 8.658 0.000
2 88 11.28 bl -4.452 0.307 -14.483 0.000
Q7 3 249 31.92 b2 -2.096 0.115 -18.157 0.000
4 264 33.85 b3 -0.267 0.079 -3.38 0.001
5 168 21.54 b4 1.401 0.095 14.694 0.000
1 3 0.38 a 1.488 0.111 13.391 0.000
2 41 5.26 bl -6.568 0.606 -10.843 0.000
Q8 3 239 30.64 b2 -3.613 0.194 -18.596 0.000
4 364 46.67 b3 -0.831 0.104 -7.967 0.000
5 133 17.05 b4 2.125 0.134 15.804 0.000
1 22 2.82 a 1.844 0.126 14.665 0.000
2 126 16.15 bl -4.824 0.275 -17.564 0.000
Q9 3 276 35.38 b2 -2.142 0.141 -15.149 0.000
4 239 30.64 b3 0.258 0.11 2.354 0.019
5 117 15.00 b4 2.59 0.157 16.506 0.000
1 20 2.56 a 2.288 0.155 14.777  0.000
2 76 9.74 bl -5.587 0.33 -16.941 0.000
Q10 3 221 28.33 b2 -3.255 0.195 -16.71 0.000
4 305 39.10 b3 -0.723 0.129 -5.596 0.000
5 158 20.26 b4 2.337 0.165 14.162 0.000
1 19 2.44 a 1.527 0.113 13.524 0.000
2 48 6.15 bl -4.612 0.271 -16.987 0.000
Q11 3 171 21.92 b2 -3.048 0.165 -18.458 0.000
4 351 45.00 b3 -1.122 0.109 -10.264 0.000
5 191 24.49 b4 1.567 0.119 13.179 0.000
1 6 0.77 a 1.453 0.117 12.37 0.000
2 11 141 bl -5.789 0.44 -13.162 0.000
Q12 3 106 13.59 b2 -4.653 0.279 -16.703  0.000
4 332 42.56 b3 -2.228 0.137 -16.277 0.000
5 158 20.26 b4 0.448 0.1 4.489 0.000
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The item characteristic curves generated using GRM, model the probabdityiven
level of endorsement of an item conditional on the latent variélf&amejima, 1969). These
trace lines help illustrate the discrimination of the five items rel&tiveach other (Reeve, 2006).
Figure 3 displays each of the item characteristic curves for the SDLIe €heses are
regressions of the item score, calculated from the item discriminatiandape thresholds (b1 —
b4) on the underlying variable, SIBL Item 7 with the lowest item discrimination generated the
item characteristic curve with the shallowest slope, shown as a dottedeine, Iwith the next
lowest item discrimination, generated the next shallowest slope, marketheidashed line.
These two items were the least sensitive to change in SDL. The placerttenitein
characteristic curve along the SBlaxis is a function of the level of endorsement. Items with
lower thresholds were endorsed frequently by students with low measures offi®those
with higher thresholds were endorsed more frequently by students with the highest SD
(Flannery, Reise, & Widaman, 1995). When comparing responses to item 3, marked with — — o —
—, to those for item 12, marked with- A ——, the item functioned at the highest measure of

SDL for item 3 and at the lowest measure of SDL for item 12.
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Figure 3: Item characteristic curves for Items 1 - 12

IRT models also generate information functions which characterize ‘teesjon of
measurement for persons at different levels of the underlying latent adnsiith high

information denoting more precision” (Reeve, 2006, p. 9). The amount of information aha give

measure of SDLI(8), is inversely related to the error associated with estimated SDL,

-1
SE(9) :(./ I(H)) (Hambleton & Swaminathan, 1985, p. 104). The higher the discrimination,

the more peaked the information curve as shown in figure 4. ltems difficulty pies

expressed as thresholds determine where the information function is locatethalbngzontal

axis, SDL (Flannery et al., 1995). Items 6, shown as a dashed line, and 7, shown as aeélotted li
have the lowest peak in the information curves (Figure 4) indicating that thesegtovided

the least reliable information about the SDL measure for the study pantid he information
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curve for item 12, marked with— A —— |, indicates that the item provided lower reliability of

information conditional to SDB in the range of SDB> 1.5, than all items except item 7.

1.2

0.8

0.6

Information

0.4+

0.2+

Sl |

Figure 4: Item information curves for items 1-12

The coefficient of determination ?Rrepresents the proportion of variance in each
observed variable accounted for by its related factor” (Byrne, 2012, p. 8)tHe square of the
standardized factor loadings. Inspection of these values in Table 6 showsnthatiad an R
value of 0.124, the weakest of the observed variables followed foy Rem 6 (0.256). The two
items added as part of this study, items 11 and 12, hael&es of 0.415 and 0.391,
respectively. Note that the proportion accounted for by the latent factor waer goeatem 11

than for item 12. This information served to help select the most psychometrically songd i
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Table 6 R-squared values for items 1 — 12

R2
?/Z?izrbvlid Estimate S.E. Est./S.E. Tvg?\};?dlgd
Q1 0.368 0.035 10.547 0.000
Q2 0.522 0.034 15.528 0.000
Q3 0.479 0.034 13.997 0.000
Q4 0.502 0.036 14.086 0.000
Q5 0.511 0.036 14.084 0.000
Q6 0.256 0.034 7.571 0.000
Q7 0.124 0.025 4.940 0.000
Q8 0.402 0.036 11.203 0.000
Q9 0.508 0.034 14.915 0.000
Q10 0.614 0.032 19.148 0.000
Q11 0.415 0.036 11.557 0.000
Q12 0.391 0.038 10.155 0.000

Review of the IRT results indicated that the SDLI could be improved by removing one or
more of the least psychometrically sound items. Based on the item responset@ndrfalyses
including item discrimination parameters, thresholds, item charaatemisires, information
curve, factor loadings, andRalues, removal of item 6 and/or item 7 was considered. Tables 7
and 8 summarize results from this comparison. Version A in the table includesliterdi 2.

Version B includes items 1-10, the items from the original form of the s@keoemsbury et al.,

2009). Version C includes 1 — 5 and 8 — 12. Version D (SDLI-e) includes items 1 — 6 and 8 — 11.
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Table 7 Item response analysis with GRM

Model Response R?
Two-Tailed Two-Tailed

[tem Version Estimate S.E. Est./S.E. P-Value Estimate S.E. Est./S.E.. P-Value

Q1 A 1.383 0.104 13.341 0.000 0.368 0.035 10.547 0.000
Q1 B 1.477 0.109 13.536 0.000 0.399 0.035 11.255 0.000
Q1 C 1.360 0.103 13.217 0.000 0.360 0.035 10.323 0.000
Q1 D 1.416 0.117 12.107 0.000 0.379 0.039 9.742 0.000
Q2 A 1.897 0.128 14.833 0.000 0.522 0.034 15.528 0.000
Q2 B 1.964 0.134 14.665 0.000 0.540 0.034 15.927 0.000
Q2 C 1.988 0.134 14.892 0.000 0.546 0.033 16.394 0.000
Q2 D 2.031 0.142 14.326 0.000 0.556 0.034 16.140 0.000
Q3 A 1.740 0.119 14.582 0.000 0.479 0.034 13.997 0.000
Q3 B 1.792 0.124 14.400 0.000 0.494 0.035 14.231 0.000
Q3 C 1.773 0.121 14.600 0.000 0.489 0.034 14.275 0.000
Q3 D 1.738 0.132 13.161 0.000 0.479 0.038 12.622 0.000
Q4 A 1.823 0.130 14.018 0.000 0.502 0.036 14.086 0.000
Q4 B 1.770 0.130 13.642 0.000 0.488 0.037 13.314 0.000
Q4 C 1.764 0.127 13.865 0.000 0.486 0.036 13.488 0.000
Q4 D 1.777 0.136 13.065 0.000 0.490 0.038 12.804 0.000
Q5 A 1.854 0.135 13.772 0.000 0.511 0.036 14.084 0.000
Q5 B 1.699 0.128 13.301 0.000 0.467 0.037 12.484 0.000
Q5 C 1.790 0.132 13.606 0.000 0.493 0.037 13.426 0.000
Q5 D 1.694 0.131 12.952 0.000 0.466 0.038 12.126 0.000

Note.Version A includes questions 1-12; version B includes questions 1-10; version C snphedtions 1-5 and 8-12;
version D is the SDLI-e which includes questions 1-6 and 8-11.
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Table 7 (Cont.) Item Response Analysis with GRM

Model Response R?
Two-Tailed Two-Tailed

ltem Version Estimate S.E. Est./S.E. P-Value Estimate S.E. Est./S.E.. P-Value

Q6 A 1.065 0.095 11.261 0.000 0.256 0.034 7.571 0.000
Q6 B 1.007 0.094 10.766 0.000 0.236 0.033 7.043 0.000
Q6 C - - - - - - - -

Q6 D 0.959 0.105 9.146 0.000 0.218 0.037 5.850 0.000
Q7 A 0.681 0.079 8.658 0.000 0.124 0.025 4.940 0.000
Q7 B 0.670 0.079 8.436 0.000 0.120 0.025 4,794 0.000
Q7 C - - - - - - - -

Q7 D - - - - - - - -

Q8 A 1.488 0.111 13.391 0.000 0.402 0.036 11.203 0.000
Q8 B 1.487 0.113 13.177 0.000 0.402 0.036 11.014 0.000
Q8 C 1.494 0.112 13.375 0.000 0.404 0.036 11.226 0.000
Q8 D 1.498 0.125 11.984 0.000 0.406 0.040 10.080 0.000
Q9 A 1.844 0.126 14.665 0.000 0.508 0.034 14.915 0.000
Q9 B 1.957 0.135 14.534 0.000 0.538 0.034 15.722 0.000
Q9 C 1.892 0.129 14.675 0.000 0.521 0.034 15.325 0.000
Q9 D 1.937 0.154 12.612 0.000 0.533 0.039 13.497 0.000
Q10 A 2.288 0.155 14.777 0.000 0.614 0.032 19.148 0.000
Q10 B 2.277 0.158 14.420 0.000 0.612 0.033 18.577 0.000
Q10 C 2.363 0.161 14.638 0.000 0.629 0.032 19.736 0.000
Q10 D 2.347 0.169 13.900 0.000 0.626 0.034 18.587 0.000

Note.Version A includes questions 1-12; version B includes questions 1-10; version C smgplgdtions 1-5 and 8-12; version Dis
the SDLI-e which includes questions 1-6 and 8-11.
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Table 7 (Cont.) Item Response Analysis with GRM

Model Response R?

Two-Tailed Two-Tailed
ltem Version Estimate S.E. Est./S.E. P-Value Estimate S.E. Est./S.E.. P-Value
Q11 A 1.527 0.113 13.524 0.000 0.415 0.036 11.557 0.000
Q11 B - - - - - - - -

Q11 C 1.543 0.114 13.484 0.000 0.420 0.036 11.618 0.000
Q11 D 1.518 0.129 11.758 0.000 0.412 0.041 9.998 0.000
Q12 A 1.453 0.117 12.370 0.000 0.391 0.038 10.155 0.000
Q12 B - - - - - - - -
Q12 C 1.361 0.113 12.070 0.000 0.360 0.038 9.431 0.000
Q12 D - - - - - - - -

Note.Version A includes questions 1-12; version B includes questions 1-10; version C smpled#ions 1-5 and 8-12; version D is
the SDLI-e which includes questions 1-6 and 8-11.
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In order to choose the version of the SDLI that was the most psychometrically sound,
several tests were used to determine the goodness-of-fit between the hypdtmesiel and the
study sample. The Akaike Information Criteria (AIC), the Bayesuorination Criteria (BIC),
and the Adjusted BIC compare two or more models. The smallest values reprebest the
model fit (Byrne, 2012). As shown in Table 8, the 12 item version (Version A) and the brigina
10 item version (Version B) both had higher AIC, BIC and adjusted BIC values thanVesi
which drops items 6 and 7, or Version D, which dropped items 7 and 12. The Comparative Fit
Index (CFI) and the Tucker-Lewis Fit Index (TLI) were both used to “nreae proportionate
improvement in model fit” (Byrne, 2012, p. 70). Values greater than 0.95 indicate-fttmg!
model (Hu & Bentler, 1999). Both Versions C and D met this criteria for CFI, but onsyovier
D had a TLI that is greater than 0.95 (Table 8). Finally, the Root Mean Square Error of
Approximation (RMSEA) assesses the error of approximation and decradsexreasing
goodness-of-fit. RMSEA values approaching 0.08 indicate reasonable errors of myaiaxi
while values from 0.08 to 0.10 indicate “mediocre fit,” and those greater than “0.10 indicate poo
model fit” (Byrne, 2012, p. 73). The RMSEA value of 0.086 with a 90% confidence interval (CI)
ranging from 0.076 to 0.097 for Version D supports the conclusion that this version, the SDLI-e,

had the best model fit (Table 8).
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Table 8 Model indices of fit

RMSEA

Version AIC BIC Adjusted  CFlI TLI Estimate 90% CI
BIC*

A 21208.421 21487.979 21297.449 0937 0.923 0/102 0@941

B 17991.556 18224.521 18065.746 0.947 0.932 0J104 0MD245
C 17400.717 17629.023 17473.424 0.960 0.948 0/098 0868

D 17692.267 17920.573 17764.973 0.967 0.957 0,086 0.076 0.097

Note.Version A includes questions 1-12; version B includes questions 1-10; version Csnclude

guestions 1-5 and 8-12; version D is the SDLI-e which includes questions 1-6 and 8-11.
(n*=(n+2)/24)

Differential 1tem Functioning

Multiple indicator multiple cause (MIMIC) modeling was used to discover henetny
of the SDLI items demonstrated differential item functioning (DIF) withard to gender. The
MIMIC model approach to examining DIF involved a confirmatory factor arelygh gender
as the covariate (Woods et al., 2009). Weighted least square parameter $Wh&®!V) has

been recommended for analysis of skewed categorical data in samples citmeier(T. A.

Brown, 2006; Flora & Curran, 2004). For comparison of goodness-of-fit with estimatgs us
WLSMV, simple subtraction ofy”values with and without gender as a covariate is “not

appropriate because the chi-square difference is not distributed as chi-giyiiaheh &
Muthén, 2010, p. 399). Instead, the difference test for the WLSMV estimators is usduewith t

DIFFTEST option in Mplus 6.2 (Muthén & Muthén, 2010). Comparison of goodness-of-fit with

and without gender as the covariate showed a differenge,( A df =2) = 28.589, p<0.001.

84



This A #* indicated a significant difference in goodness-of-fit between the modelbatritie
model of DIF with regard to gender demonstrated the better goodness-bkfiitier indices of
fit, CFI, TLI and RMSEA (0.969, 0.959 and 0.078 respectively) were within acceptable range
indicating that the best model included differential item functioning of gender on SDL
Calculation of modification indices shed light on which items contributed most todtiel m

misfit indicated by the change #f when gender was included as a covariate. Review of both

the modification indices (MI) and expected parameter change (EP@rws b and 9 indicated

the contribution of the residual covariance to model misfit by these two items.

Table 9 Modification indices for DIF analysis

M.L. E.P.C. Std E.P.C. StdYX E.P.C.
Q5o0n Gender  15.460 -1.333 -2.198 -2.200
Q9on Gender  14.519 1.261 2.079 2.081

Analysis of psychometrically sound version of SDLI

The final version of the SDLI (version D) was designated as the SDLI-ed Basesults
of item analysis the SDLI-e is a ten item inventory including items 1 — 6 and 8 —sLiltsR#
psychometric analysis of the SDLI-e are presented here. West, Finch aad (1905)
recommended examination of multivariate normality before undertaking candirynfactor
analysis or structural equation modeling. Therefore the SDLI-e datafinst evaluated as a

whole for skewness and kurtosis using Lisrel 8.8. Skewness was 8.137 (z = 21.673, p<0.001),

kurtosis was 148.778 (z = 15.772, p<0.001) and, for multivariate normafity718.497
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(p<0.001). The results indicated that the assumption of normality was violated fotale ithés
study.

Cronbach’s alpha for the SDLI-e (0.862) was above the accepted level of 0.800€Reeve
al., 2007) indicating internal consistency for the SDLI-e. Item-total ctioekfor the final
items were in the moderate range of 0.5 to 0.6 except for item 6 (0.407). All alpha values for
the” alpha when item is deleted” (see column 3, Table 10) were below 0.862 indibatitiget

internal consistency would not improve upon deletion of any of the items in the SDLI-e.

Table 10 Cronbach's alpha for SDLI-e

Variable  Correlation With Total  Alpha*

Q1 0.520 0.853
Q2 0.647 0.842
Q3 0.595 0.847
Q4 0.599 0.847
Q5 0.588 0.848
Q6 0.407 0.862
Q8 0.539 0.852
Q9 0.612 0.845
Q10 0.680 0.839
Q11 0.534 0.852

*Alpha if variable is deleted

Categorical confirmatory factor analysis (CCFA) of the SDLigidated

unidimensionality. The value for item one was fixed to 1.00 and the remaining f@adongd
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parameters were freely estimated (Table 11). Results in table 11 shoWekatetes of factor
loading were reasonable and statistically significant as indicatdtebsalues greater than 1.96
in column 4 and p-values in column 5. All of the standard errors were within acceptage ran

(Byrne, 2012) and lower than the standard errors of the CCFA for the 12 item Sibld 4.

Table 11 Categorical confirmatory factor analysis for final SDLI

Standardized
Unstandardized Two-Tailed  Factor

SDL by Factor Loading S.E. Est/S.E. P-Value Loading

Q1 1.000 NA NA NA 0.604
Q2 1.245 0.055  22.842 0.000 0.752
Q3 1.149 0.057  20.109 0.000 0.694
Q4 1.158 0.058  19.888 0.000 0.700
Q5 1.140 0.053  21.450 0.000 0.689
Q6 0.819 0.055  14.967 0.000 0.495
Q8 1.038 0.055  18.832 0.000 0.627
Q9 1.190 0.058  20.409 0.000 0.719
Q10 1.307 0.056  23.383 0.000 0.789
Q11 1.038 0.053  19.519 0.000 0.627

Samejima’s (1969) GRM was used to model the SDLI-e. Table 12 displays theestima
slope and threshold parameters for the 10 items in the SDLI-e. The high slope paramete
indicated the items were highly related to SDL, the latent trait mehbyréhe scale (Reeve,
2006). The discrimination parameters for the 10 items ranged from a = 0.959 for dem 6 t

a = 2.347 for item 10.
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Table 12 Item response analysis for the SDLI-e

Threshold

ltem ltem Two-Tailed

ltem Response Parameters Estimate S.E. Est/S.E. P-Value
1 a 1.416  0.117 12.107 0.000

2 bl -4.790 -0.294  16.307 0.000

Q1 3 b2 -2930 0.164 -17.884 0.000
4 b3 -0.571 0.100 -5.722 0.000

5 b4 1.997 0.126  15.799 0.000

1 a 2.031 0.142 14.326 0.000

2 bl -5.260 0.303 -17.358 0.000

Q2 3 b2 -2.681 0.164 -16.390 0.000
4 b3 -0.084 0.117 -0.720 0.471

5 b4 3.190 0.185 17.196 0.000

1 a 1.738 0.132 13.161 0.000

2 bl -4.812 0.277 -17.387 0.000

Q3 3 b2 -2.255 0.146 -15.418 0.000
4 b3 0.073  0.107 0.681 0.496

5 b4 3.038 0.176 17.273 0.000

1 a 1.777 0.136  13.065 0.000

2 bl -6.067 0.413 -14.681 0.000

Q4 3 b2 -4.077 0.226 -18.034 0.000
4 b3 -1.553 0.132 -11.757 0.000

5 b4 1.995 0.137 14.603 0.000

1 a 1.694 0.131 12.952 0.000

2 bl -6.225  0.462 -13.477 0.000

Q5 3 b2 -4.183  0.219 -19.084 0.000
4 b3 -1.775  0.129 -13.770 0.000

5 b4 0.976 0.113 8.661 0.000

1 a 0.959 0.105 9.146 0.000

2 bl -5.004 0.354 -14.130 0.000

Q6 3 b2 -3.206 0.168 -19.091 0.000
4 b3 -1.158 0.098 -11.779 0.000

5 b4 1.199 0.095 12.595 0.000
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Table 12 Item response analysis for the SDLI-e (cont.)

Threshold

ltem ltem Two-Tailed

ltem Response Parameters Estimate S.E. Est./S.E. P-Value
1 a 1.498 0.125 11.984 0.000

2 bl -6.598  0.557 -11.837 0.000

Q8 3 b2 -3.629  0.203 -17.867 0.000
4 b3 -0.831 0.106  -7.809 0.000

5 b4 2.131 0.134 15.864 0.000

1 a 1.937 0.154 12.612 0.000

2 bl -4.970 0.284 -17.471 0.000

Q9 3 b2 -2.203  0.151 -14.588 0.000
4 b3 0.263  0.113 2.320 0.020

5 b4 2.652 0.175 15.171 0.000

1 a 2.347 0.169 13.900 0.000

2 bl -5.725 0.344 -16.632 0.000

Q10 3 b2 -3.302 0.200 -16.530 0.000
4 b3 -0.731 0.131  -5.580 0.000

5 b4 2.372 0.170 13.941 0.000

1 a 1518 0.129 11.758 0.000

2 bl -4.615  0.253 -18.249 0.000

Q11 3 b2 -3.049 0.167 -18.260 0.000
4 b3 -1.124  0.109 -10.289 0.000

5 b4 1.561 0.123  12.687 0.000
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Figure 5 displays each of the item characteristic curves for the SDLEese Trves
modeled the probability of a given level of endorsement of an item conditional oretfiie lat
variable,0, the measure of SDL. Item 1 with the lowest item discrimination gexetfadtem
characteristic curve with the shallowest slope. Item 6 with the nexttiadeesdiscrimination
generated the next shallowest slope. These two items were the leastesenshange in SDL.
Figure 6 which displays information curves for each item in the SDLI-e alstrdtes that items
1 and 6 showed the lowest level of information (precision) expressed as the inverseauua
of the standard error. This was further indication that items 1 and 6 showed theldveiest
discrimination. The total information curve shown in figure 7 provides the sum of the item
information curves and indicates that the SDLI-e provided information about SBdsdhe
spectrum of self-directed learning for the study sample. The peak in thentotalation curve
was slightly skewed to the right indicating the SDLI provides more informaltioantatudents
with lower SDL than for those with higher SDL.

The ten item SDLI-e had acceptable reliability (Cronbach’s alpha = 0.86@)jfyalith
CFl and TLI both greater than 0.95 (CFl = 0.967, TLI = 0.957), and RMSEA which was just
within accepted range at 0.086. The SDLI-e exhibited more acceptable feal RA4SEA than
the original version of SDLI. Based on these results, data from the SDLI-e ngiteins 1-6

and 8-11 were used to calculate SDL IRT scale scores.
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Figure 5: Item characteristic curves final SDLI
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Summary of psychometric analysis.

The SDLI results in the current study were analyzed to assure psychometdnsss of
the scale. The 12 item SDLI was shown to be internally consistent since Crordlpbh’svas
0.865, a value greater than the accepted cutoff of 0.80. Item 7 demonstrated the¢dawtxsal
correlation, and deletion of item 7 would raise Cronbach’s alpha. IRT analysiscstimvdem
7 had the lowest item discrimination (a = 0.681) and generated the shallowestat@cteristic
curve among the 12 items. Item 6 had the second lowest item discrimination and item
characteristic curve. Iltems 6 and 7 accounted for the least variance &md2gitems in the
SDLI. Item 7 had an Rvalue of 0.124, the weakest of the observed variables, followed foy R
item 6 (0.256). In comparison, the two items added as part of this study, items 11 and £2, had R
values of 0.415 and 0.391, respectively, so the proportion accounted for by the latent factor wa
greater for item 11 than for item 12. Based on these results, items 11 and 12 wieerexbhsr
replacement of items 6 and 7 in the final version of the SDLI.

Four versions of the SDLI were compared for model fit to select the versionabahev
most psychometrically sound in order to conduct the latent class analysigmnv&rcontained
all 12 items. Version B contained the original 10 items (Lounsbury et al., 2009).Atanas7
were replaced by items 11 and 12 in Version C in order to maintain a 10 item instrurmgnt. O
one of the original 10 items was replaced in the SDLI-e (Version D). Item ay$=d had the
lowest factor loading, the lowest item discrimination, shallowest infoomatirve and Rvalue,
was replaced by item 11. Item 11 was chosen over item 12 because the itentiomoconae
indicated that item 12 provided less precise information about students in the higlofr&my.

In addition, the Rvalue for item 12 was lower than that for item 11 indicating that item 12
accounted for less variance in the scores than item 11. Since results indiatitsit 11 was
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psychometrically stronger than item 12, the SDLI-e included items 1 through 6 as@item
through 11. Based on model fit indices, the SDLI-e (Version D) demonstrated a betieesgs-
of-fit than the 12 item SDLI (Version A) and the original 10 item SDLI (VersiprifBe
RMSEA results indicated that the SDLI-e is more psychometrically sound #raion C.
Therefore the latent class analysis was conducted using results frobLthe, $rcluding items
1-6 and 8-11.

The ten item SDLI-e had acceptable reliability (Cronbach’s alpha = 0.862) kdhtl/va
with CFI and TLI both greater than 0.95 (CFl = 0.967, TLI = 0.957), and RMSEA within
accepted range at 0.086. This SDLI-e exhibited more acceptable (lower) valR&4S&A than
the original version of SDLI (Version B). Based on these results, data fronbthieeSncluding

items 1-6 and 8-11 were used to calculate SDL IRT scale scores.

SDL IRT scalescoresand SDL CTT summed scor es
An SDL IRT scale score was computed based on the item information from #R/Bian

The equation waSDL IRT scale score = 50 + (10)(. These scores, which were calculated for

each student, ranged from 13.22 to 75.22. SDL CTT summed scores were calculated based on
classical test theory by summing the responses to the ten SDLI itenaslicstedent. A

Pearson’s correlation between the SDL IRT scale scores and the SDéu@ifiTed scores was

0.99 (p <.0001) indicating a strong correlation between scores calculated eisiigsponse

theory and those calculated using classical test theory. These SD4, stong with the

students’ class membership calculated through latent class analysisissdrto address the

research questions.
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L atent classanalysis.

Latent class analysis (LCA) is used to estimate unobserved hetetggementegorical
latent variables using mixture modeling (Muthén & Muthén, 2010). In this stuchy tAsess
membership was determined based on responses to the SDLI-e. The response options were
collapsed by combining option 1 (strongly disagree) and 2 (disagree) resulirogiegories
which were disagree, neither agree or disagree, agree, and strongly ageees Dand 2 were
combined because option 1 was selected 1.8% of the time and option 2 was selected 8.7% of the
time as compared to options 3, 4 and 5 (28.3%, 41.4%, and 19.9% respectively). Combining
options 1 and 2 provided a more proportionate sample for each category used in the subsequent
latent class analysis. Maximum likelihood estimates of the probabilitygepondents who
exhibited a certain level of SDL would respond to the SDLI-e in a certainmpatége used to
create models of the latent classes. Latent class analysis models witharbree, four and
five class solutions were evaluated for the model fit that best explained thé/imgdgroups of
SDL in the sample. Table 13 shows the proportion of sample for each LCA class whest model

were developed based on one through five class solutions.
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Table 13 Proportion of sample per LCA class by number of classes in the model

# of Class Class 1 Class 2 Class 3 Class4 Class5
Solutions

1 Class Frequency 780

Percent (1.00)

2 Classes Freguency 344 436

Percent (0.44) (0.56)

3 Classes Freguency 190 405 185

Percent (0.24) (0.52) (0.24)

4 Classes Frequency 120 252 324 85

Percent  (0.15)  (0.32)  (0.42)  (0.11)

5 Classes Frequency 84 297 244 85 70

Percent (0.11) (0.38) (0.31) (0.11) (0.09)

Akaike Information Criteria (AIC), Bayesian Information Critefi2lC), adjusted BIC,
and entropy were used to compare model fit while the Vuong-Lo-Mendell-Rubin tedR)V
and the bootstrapped parametric likelihood ratio test indicated whether theaesigagicant
difference between the proposed models. Lower values for AIC, BIC, adjustexhB entropy
indicated a better model fit. Results shown in table 14 indicate that a five ddsswas
rejected since model fit indices and entropy both increased when compared tortineooils.
Although the parametric bootstrapped likelihood ratio test showed each subsequent rmodel wa
significantly different from the previous model (p < 0.001), the VLMR test shovpedadue of

0.7611 demonstrating no significant difference when the five class model when cdnhopiue
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four class model. Based on these results, the five class solution wasdrggadtéhe three class

and four class models were compared. As shown in table 14, the entropy for all models was

greater than 0.80.

Table 14 Comparison of model fit for LCA solutions

VLMR Parametric

Likelihood  Bootstrapped
# of Class Ratio Test Likelihood Ratio
Solutions  AIC BIC Adj. BIC Entropy  p-value Test p-value
1 Class 19383.646  19523.425  19428.160
2 Classes 17659.232  17943.449  17749.744 0.849 0.0000 0.0000
3 Classes 17182.991  17611.646  17319.501 0.836 0.0000 0.0000
4 Classes 16950.949  17524.042  17133.456 0.836 0.0017 0.0000
5Classes 16840.467  17557.998  17068.972 0.860 0.7611 0.0000

The probability of membership in each category for individual items candoetais

assign a meaningful label to each class. This is similar to using loadimgstibyi the latent

factors (Muthen, 2001). The highest probability of endorsement with either stemrgle or

agree for all ten items was in class 1 with both the three class solution and tHadssotution.

For the three class solution, class 3 showed the greatest probability of endbestetime

disagree or neither levels for all items except items 5 and 6 which areexhdbthe agree level.

Class 2 in the three class solution showed probability of endorsements lower $isah antal

higher than class 3 for all items except items 5 and 6. The trend was conersédiritdms in

the three class solution ranging from lowest level of endorsement for cladhgjhest in class

1 for all items. The four class solution did not exhibit the same consistent pattela. W
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endorsement level was highest for class one and tended to be lowest fdy classes 2 and 3
exhibited mixed trends. For example, items 1-3 and 8-11 showed maximum probability of
endorsing “neither” for class 2 and “agree” for class 3 while items 4 — 6 endgres* for
classes 2, 3 and 4. For the three class solution the pattern of probabilities shohble t6Tead
to naming class one as high SDL, class two as moderate SDL and class thwe8R&.I The
pattern was not as clear-cut in the four class solution.

Although the four class solution appeared to be the stronger choice based on the model-
fit statistics shown in Table 13, the comparison of trends in probability of endorsemte f
three class solution was more consistent and clear cut as shown in Table 15. The more
parsimonious approach using three class solution provided a more practical aoptittie
model.

Latent class membership was assigned for each enrollment based on thedisree cl
model. As shown in table 14, the entropy for all models was greater than 0.80. This value for
entropy allowed the selection of the maximum conditional probability for ol@ssbership to
be used as the criterion to select latent class membership for each resf®ndeGtark &

Muthén, 2009; Hagenaars & Halman, 1989). The research questions for this study eg@nbas
a three class model for the latent class, self-directed learningjrg$tdm the administration

of the items in the SDLI-e to the study population.
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Table 15 Probability of item endorsement for three and four class solutions

3 Class Solution

4 Class Solution

Proportion 0.24 0.52 0.24 0.15 0.32 0.42) 0.11
Probability of Endorsement Probability of Endorsement
High SDL Moderate SDL Low SDL High SDL Moderate Low Modeidigh Low SDL
Response  Endorsement

Iltem Category Code Class 1 Class 2 Class 3 Class 1 Class 2 Class 3 Class 4
Disagree 1 0.032 0.056 0.232 0.033 0.096 0.047 0.339
01 Neither 2 0.124 0.301 0.536 0.079 0.528 0.210 0.410
Agree 3 0.367 0.527 0.220 0.250 0.364 0.563 0.227
Strongly Agree 4 0.477 0.116 0.012 0.638 0.013 0.180 0.024
Disagree 1 0.006 0.083 0.449 0.006 0.176 0.041 0.716
Q2 Neither 2 0.117 0.407 0.438 0.095 0.605 0.267 0.211
Agree 3 0.487 0.468 0.113 0.357 0.219 0.611 0.072
Strongly Agree 4 0.390 0.041 0.000 0.541 0.000 0.081 0.000
Disagree 1 0.043 0.092 0.495 0.058 0.258 0.044 0.613
03 Neither 2 0.116 0.421 0.415 0.095 0.531 0.301 0.312
Agree 3 0.478 0.453 0.079 0.382 0.211 0.571 0.051
Strongly Agree 4 0.363 0.034 0.011 0.465 0.000 0.084 0.024
Disagree 1 0.005 0.017 0.161 0.000 0.000 0.024 0.359
04 Neither 2 0.024 0.210 0.427 0.018 0.357 0.155 0.316
Agree 3 0.320 0.691 0.403 0.163 0.631 0.647 0.308
Strongly Agree 4 0.651 0.083 0.009 0.819 0.012 0.174 0.017
Disagree 1 0.005 0.005 0.160 0.000 0.033 0.005 0.269
Q5 Neither 2 0.019 0.175 0.379 0.026 0.354 0.081 0.317
Agree 3 0.197 0.549 0.441 0.152 0.511 0.491 0.413
Strongly Agree 4 0.779 0.271 0.020 0.822 0.102 0.423 0.000
Disagree 1 0.031 0.028 0.132 0.000 0.039 0.033 0.252
06 Neither 2 0.088 0.244 0.306 0.096 0.277 0.230 0.194
Agree 3 0.283 0.542 0.492 0.221 0.592 0.460 0.470
Strongly Agree 4 0.599 0.186 0.071 0.683 0.093 0.277 0.084
Disagree 1 0.022 0.022 0.165 0.032 0.013 0.025 0.340
08 Neither 2 0.058 0.316 0.538 0.046 0.508 0.213 0.431
Agree 3 0.366 0.605 0.273 0.292 0.472 0.602 0.178
Strongly Agree 4 0.554 0.057 0.023 0.629 0.007 0.159 0.051
Disagree 1 0.007 0.083 0.605 0.008 0.271 0.030 0.816
Q9 Neither 2 0.149 0.446 0.365 0.111 0.536 0.361 0.128
Agree 3 0.383 0.409 0.011 0.268 0.193 0.485 0.014
Strongly Agree 4 0.462 0.063 0.019 0.613 0.000 0.123 0.042
Disagree 1 0.008 0.039 0.420 0.000 0.105 0.031 0.704
010 Neither 2 0.019 0.342 0.425 0.018 0.600 0.170 0.153
Agree 3 0.318 0.536 0.155 0.173 0.295 0.611 0.143
Strongly Agree 4 0.656 0.082 0.000 0.809 0.000 0.189 0.000
Disagree 1 0.000 0.055 0.239 0.000 0.075 0.040 0.413
011 Neither 2 0.037 0.216 0.410 0.021 0.468 0.113 0.166
Agree 3 0.322 0.586 0.288 0.258 0.431 0.578 0.289
Strongly Agree 4 0.640 0.143 0.062 0.721 0.026 0.268 0.132
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Resear ch Questions

The purpose of this study was to elucidate self-directed learning in secondaey onl
students through examining whether specific profiles for SDL as a pergdrsitiexist for and
are associated with academic achievement. Latent class analyssSidLI data produced a
model for SDL in which there appeared to be three classes of SDL which seyeated as low
SDL, moderate SDL, and high SDL. The seven research questions are addresseadlawihg f

section.

Resear ch question one.
Research question one was: Do distinct latent classes of self-direntaddesxist
among secondary students taking online courses?The null hypothesis to be testédneaae
no distinct latent classes with respect to self-directed learning araoogdary students taking
online courses. A one-way analysis of variance (ANOVA) was conductedltmevthe
relationship between the predictor variable, SDL class membership, and the negp@amnidble,
the SDL IRT scale score. The three class LCA solution was used whetagb®ne was high
SDL, class two was moderate SDL and class three was low SDL. The AN@Y significant,
F (2, 777) =1431.24, p <0.001, but the Brown and Forsythe’s test for homogeneity of variance

showed significantly different variancesi2, 777) = 13.18, p<0.001. The Kruskal-Wallis test
was conducted in the face of significant heterogeneity of varigrfce542.66, p<0.0001,

showing that there is significant difference between two or more of the S&it Aasses.
Follow-up pairwise comparisons were conducted, using the Bonferroni correction, afagos
test. This post hoc test revealed that there is a significant differencemme#meSDL IRT scale

score between all groups (Table 16). The strength of the relationship betasse membership
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and SDL scores were assessed where 0.79 (0.76, 0.81) which indicated a strong association

between SDL class membership and SDL scores (Ferguson, 2009).

Table 16 Post hoc pairwise comparisons of SDL levels

Class Difference Simultaneous 95%
Comparison Between Confidence Limits
Means
1-2 12.782 11.865 13.699 ok
1-3 23.983 22.906 25.060 ok
2-3 11.210 10.276 12.126 ok

*** Comparisons significant ak = 0.05.

As further corroboration of the relationship, ANOVA is also conducted to evdheate
relationship between SDL class membership and the SDL CTT summed score. THAANO
significant, F (2, 777) = 1427.05, p <0.001. Brown and Forsythe’s test for homogeneity of
variance rejects the null hypothesis of equal variangg2E777) = 6.50, p=0.0016. Follow up
pairwise comparisons conducted using the Bonferroni correction also revehetieasta
significant difference in the mean SDL CTT summed score between all grahghevSEDL
class as the predictor variable. The strength of the relationship betwssmembership and
SDL scores were assessed whefe= 0.79 (0.76, 0.80) which indicated a strong association
between SDL class membership and SDL scores (Ferguson, 2009).

Based on these results, the null hypothesis is rejected. The three groups of 8DL, hig
SDL, moderate SDL, and low SDL appear to have significantly different nmme&i3L IRT

scale scores with SDL accounting for 0.79 of the variance according to clagersieip.
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Resear ch question two.

Research question two asked: Is there a significant differencd-thireekted learning
according to gender? The null hypothesis to be tested was: There is no sigdifiesgrice in
SDL according to gender. If there is a significant difference in B{pgender, then issues such
as differential item functioning between males and females, and geabildlavith the
population must be considered.

Evidence of differential item functioning (DIF) for items five and nine in thel2i3
administered in this study indicated that SDLI results from these two itesnkide viewed
with caution, particularly in studies where gender is a covariate or predactable.

ANOVA was conducted to evaluate the relationship between the predictor variable,
gender, and the responding variable the SDL IRT scale score. The ANOVAgeadilcat there
is no significant difference in SDL as expressed by SDL IRT scafe acgording to gender,

F (1, 778) =2.21, p = 0.137 angf1,778)=1.09, p=0.296. ANOVA conducted using SDL CTT
summed score also found no significant difference by gender, F(1,778) = 2.12, p = 0.146 and
Fsr=0.760, p=0.383. ANOVA and Brown-Forsythe tests conducted using an SDL summed score
without items that demonstrated DIF, items 5 and 9, also showed no significamindiéfdry

gender, F(1, 778) = 2.24, p = 0.1349(&,778)= 1.04, p = 0.3078.

Resear ch question three.

Research question three asked: Is there a significant differencédireeted learning
according to ethnicity? The null hypothesis to be tested was: There is no amgnifiiterence in
SDL according to ethnicity. ANOVA was conducted to evaluate the relationshvedrethe

predictor variable, ethnicity, and the responding variable, the SDL IRT scmke ©f the
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780enroliments, 634 were from white student, and 99 were from black students. The sample
sizes for the remaining ethnicities were each less than 30 (Table 1 wéesnot included in

the analysis because the generally accepted cut-off value for inclikdmgtees in studies is

that samples less than 30 should not be included in the analysis (Wiley, Mathis, &&hcig
2005). Therefore only enrollments from black and white students were included in tlssanaly
when addressing research question three. In the face of a large differesopli| size between

black and white enroliments, the Brown-Forsythe test was rgn(1F31) =4.72, p = 0.030
confirming heteroscedasticity. This was followed by Kruskal-Walks tg° = 1.36, p = 0.244

indicating no significant difference in SDL IRT scale score by ethnicit
When the predictor variable was ethnicity (black or white) and the respondinglearia

was SDL CTT summed score, the Brown - Forsythe test indicated hetesiguggdse (1,731)
=5.41, p = 0.020; and the Kruskal-Wallis test wds= 1.733, p = 0.188. This result also

supported the null hypothesis that there is no significant difference in SDhriigigt when

considering black and white enrollments.

Resear ch question four.

Research question four asked: Is there a significant differencd-utireeted learning
according to grade level? The null hypothesis to be tested was: Theregsifioasit difference
in SDL according to grade level. ANOVA was conducted to evaluate theoredhip between
the predictor variable, grade level, and the responding variable, the SDL IR Bama. Grade
levels from grade 8 to grade 12 were included in the sample. The ANOVA wdgargniF
(4,775) = 7.38, p <0.001 indicating that at least one category showed significant diffarence

SDL by grade level. Brown and Forsythe’s test for homogeneity of vareuaported the null
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hypothesis of equal variances#4, 775) = 2.01, p=0.091. Follow up pairwise comparisons
were conducted, using the Bonferroni correction to evaluate differences dmeangans. This
post hoc test revealed that there was a significant difference in timeShéabetween grades 8
and 10; grades 8 and 11; and grades 10 and 12 (Table 17). The strength of the relationship
between grade level and SDL IRT scale score were assessedafeded3 (0.01, 0.06) which
was below the recommended minimum effect size of 0.04 even though the 95% confidence
limits encompassed that value (Ferguson, 2009). Thesfoiwdicated no practical significance

in the relationship between grade level and SDL IRT scale score.

Table 17 Post hoc pairwise comparisons of SDL levels by grade level

Grade Difference Simultaneous 95%
Comparison  Between Means  Confidence Limits
8-9 3.799 -0.2160 7.814
8-10 5.680 2.136 9.223 ok
8-11 3.731 0.203 7.258 ok
8-12 1.709 -1.731 5.149
9-10 1.881 -1.413 5.175
9-11 0.068 -3.208 3.345
9-12 2.090 -1.093 5.272
10-11 1.949 -0.729 4.627
10-12 3.970 1.409 6.532 ok
11-12 2.021 -0.518 4.561

*** Comparisons significant ak = 0.05.
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ANOVA was also conducted to evaluate the relationship between graderidvbkea
SDL CTT summed score. The ANOVA is significant, F (4,775) = 7.79, p <0.001 indicating that
at least one category showed significant difference in SDL by graele Brown and Forsythe’s
test for homogeneity of variance supported the null hypothesis of equal varign@e7%s) =
2.06, p=0.085. When pair-wise comparisons of mean SDL CTT summed scores by grade level
are made, the same three pairs showed significant difference in mea@T3Dicale score, that
is between grades 8 and 10, grades 8 and 11, and grades 10 and 12. The strength of the
relationship between grade level and SDL CTT summed score were assessad wh@i03
(0.01, 0.06) (Ferguson, 2009). The la¥indicated no practical significance in the relationship
between grade level and SDL CTT summed score.

Based on these results, the null hypothesis was rejected. There appeared to be a
significant difference, but no practical difference in SDL with regarddadeytevel based on the
low w? value. When pair-wise comparisons of SDL by grade level were made, only tinsee pa
showed significant difference in mean SDL IRT scale score or in mean SDIs@imed score,
that was between grades 8 and 10, grades 8 and 11, and grades 10 and 12. There was no
significant difference between SDL when comparing grade 9 with grades 8, 1012,1aod

when comparing grades 11 with grades 10 or 12.

Resear ch question five.

Research question five asked: Is there a significant difference ipleton of online
courses associated with self-directed learning class membership?ITingothesis to be tested
was: No significance relative to completion of the online course is associ#teself-directed

learning class membership. Secondary students are sometimes placed in aslazsliaed then
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decide that they do not wish to continue in the online environment. If the student is taking the
course outside of the school day, and if they have plenty of credits, they are lofted &b
withdraw from the course without penalty as long as they make the decision liirst 20

days of the term. On the other hand, students are sometimes scheduled into an onlias course
part of their school day, and then decide that they do not want to be in the online class. This
presents a different problem. If they decide to withdraw from the online classhtied may
choose to transfer them to a face-to-face classroom, or allow them to witmblavge that class
period as a study hall. Students in this study, who took the SDLI and initiallyipeteit in the
online class but subsequently ceased turning in work, were withdrawn from the ctlorsed
guidelines established by the online school leadership team. However, sometise®tialid

not allow a student to withdraw from an online class because the student needed thadredit
that was the best option for the student whether or not the student agreed with the diettision.
student took the SDLI, initially logged in, turned in work at least part of the time,dbkite

final exam, the student was classified as a completer. A two-way cortinggate analysis is
conducted to evaluate whether tendency to withdraw from a course was aighjfdifferent

with lower levels of SDL. The two variables were SDL class membershipsthaiv SDL,

moderate SDL and high SDL, and completion or withdrawal from the course. SDL anel cours

completion status were found to be significantly relategts 8.421, p = 0.0120.

Resear ch question six.
Research question six asked: Is self-directed learning class nsémpbessociated with
significantly different academic achievement as expressed bycboate grades for online

students? The null hypothesis to be tested was: There is no significanhddéfereccademic
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achievement as expressed by final course grade between students witllepattisses of self-
directed learning. When ANOVA was conducted to evaluate the relationshipdretiae
predictor variable SDL class membership, and the responding variable fina goanls, the
ANOVA was significant F(2,732) = 6.48, p=0.002 indicating that at least one catEgoved
significant difference in SDL class membership by final course grdmeBiown - Forsythe test
for homogeneity of variance supported the null hypothesis of equal variga¢2, /B32) =
0.800, p=0.450. Follow up pairwise comparisons were conducted, using the Bonferroni
correction to detect differences among the means. This post hoc testdelattbere was a
significant difference in the mean final grade between high and low SDL but na&dmetw
moderate and low SDL or high and moderate SDL (Table 18). The strength datiomsaip
between grade level and SDL IRT scale score were assessedafeded1 (0.00, 0.04) which
was below the recommended minimum effect size of 0.04 (Ferguson, 2009). Thé low
indicated no practical significance in the relationship between final cotade gnd SDL IRT

scale score.

Table 18 Post hoc pairwise comparisons of SDL class membership by final grade

Difference
Class Between Simultaneous 95%
Comparison Means Confidence Limits
1-2 4711 -0.453 9.875
1-3 9.300 3.094 15.507 bkl
2-3 4.589 -0.806 9.984

*** Comparisons significant ak = 0.05.

108



Resear ch question seven.

Research question seven asked: Is self-directed learning clasgersbip associated
with significantly different academic achievement as expressed hylative grade point
average for online students? The null hypothesis to be tested was: Thereyisfioausi
difference in academic achievement as expressed by cumulative gnaddaveoage between
students with particular classes of self-directed learning. When ANOV Aevakicted to
evaluate the relationship between the predictor variable SDL class mséipband the
responding variable, GPA, the ANOVA was significant F(2,777) = 40.08, p<0.001 indicati
that at least one category showed significant difference in SDL by GiABiown-Forsythe
test for homogeneity of variance supported the null hypothesis of equal varigh(®/F7) =
2.93, p=0.054. Follow up pairwise comparisons were conducted, using the Bonferroniaorrecti
to evaluate pairwise differences among the means. This post hoc test (Tabkleafd that
there was a significant difference in the mean GPA between all thieée®&s: low SDL
(mean GPA = 2.46), moderate SDL (mean GPA = 3.02), and high SDL (mean GPA = 3.24). The
strength of the relationship between SDL class membership and GPA wasdsgesres” =
0.09 (0.06, 0.13) which was above the recommended minimum effect size of 0.04 (Ferguson,
2009). The result supported the results from ANOVA indicating that there might lee som
practical significance in the association between SDL class menybarshiGPA (Ferguson,

2009).
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Table 19 Post hoc pairwise comparisons of SDL class membership by GPA

Difference
Class Between Simultaneous 95%
Comparison Means ConfidenceLimits
1-2 0.224 0.038 0.410 ok
1-3 0.780 0.562 0.998 *hk
2-3 0.556 0.369 0.743 ok

*** Comparisons significant ak = 0.05.

Multiple comparisons of final course grade and GPA on SDL class membership were

conducted using the multtest procedure in SAS 9.2 (SAS, 2008). The multiple comparison test

provided adjusted p-values using the Bonferroni correction and the bootstrap method after

resampling with replacement 10,000 times. These results confirmed thasthesignificant

difference between all three SDL levels: low SDL, moderate SDL and3tighby GPA but

only between low and high SDL by final course grade (Table 20).

Table 20 Multiple comparisons of final course grade and GPA on SDL class membershi

*k%k

*kk

p-Values
Variable SDL Class Raw Bonferroni Bootstrap
Comparison

Final Grade 1-2 0.029 0.173 0.138

Final Grade 1-3 <0.001 0.002 0.002

Final Grade 2-3 0.042 0.250 0.189
GPA 1-2 0.004 0.023 0.019 ok
GPA 1-3 <0.001 <0.001 <0.001 ok

GPA 2-3 <0.0001 <0.001 <0.001

*** Comparisons significant ak = 0.05.
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Recursive partitioning to interpret SDLI-e.

A set of guidelines for interpretation of the SDLI-e results should be provided for the
personnel who want to administer the SDLI-e and interpret the test result® glislines
must be based on statistically sound methodology. Recursive partitioning was usetlite pr
classification and regression trees with categorical variables to lofplg@this information
(Strobl et al., 2009). R package rpart was used (Therneau et al., 2012)foicel&ssiand
regression tree analysis. Recursive partitioning was used to producessioegtese that would
provide cut scores for the SDLI-e based on partitioning of the dataset. As shown 18 fithee
dataset was initially partitioned by GPA, as a measure of acadehigvament, generating two
subgroups with a cutoff value for SDL CTT summed scores. Further partitioningedoyrade
level and free lunch status. This resulted in over fitting producing more subgroopgotiid
be practical. A pruned regression tree was produced using the mean square error on the

predictions made by the tree (Strobl et al., 2009).
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Figure 8: Regression tree for GPA with SDL

As shown by the pruned regression tree shown in figure 9, the mean GPA was 2.943 for
the total sample (n=780). Recursive partitioning resulted in a cut off value SDILETT
summed score at 24.5. The sample partitioned into enroliments with a composite sumened scor
for the SDLI-e of 24 or less (n=256) with a mean GPA of 2.521, and those with score of 25 or
greater (n=524) with a mean GPA of 3.149. This seemed to provide a clear cut sgesenbet
two groups differentiated by GPA, a measure of academic achievement. Thevakat
division in the tree was based on grade level. As shown in figure 9, only nine eighth graders
were in the subgroup with SDL CTT summed scores of 24 or less. The mean GPA for those
nine students was 3.8 indicating that these might have been outliers in the datacget. Si

students in ninth, tenth, eleventh and twelfth grade were in both sides of the regression tr
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grade level did not provide a practical way to differentiate between thpgrd his supported
the results of the inferential statistics for research question four;ish@iggnificant but not
practical difference in SDL based on grade level.

2043

n=Fag

Csdictte 24.5

Grade=G10, Grade=G14.G12.G2

Grade=10,G8

./_‘.flé(:l g d.U;b e E e
n=247 n=g n=358 n=166

Figure 9: Pruned regression tree for GPA with SDL and grade level

The results of the classification tree developed based on SDL CTT summediscore
course completion status supported the result of the two-way contingency tdysgésana
research question five which indicated statistically significant but notiga#ly significant
difference in course completion based on SDL class membership. The deces&imota in

figure 10 illustrates that the SDL CTT summed score did not provide a usable curefisto
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produced a clear division between those who completed the course and those who withdrew.

Cadlott"16.5

1\;24

Figure 10: Classification tree for course completion status with SDL

Chapter Summary

In summary, existing data from an online secondary school in Tennessee including
results of the self-report SDLI as well as masked demographic dat@ated with those
students was analyzed. The three stage data analysis included data screepsygl@ometric
analysis of the SDLI administered during this study, establishment of &&xt kclass
membership, and finally response to the research questions.

Item analysis using classical test theory verified internal cemsigtfor the SDLI-e, the

final version of SDLI (Cronbach’s alpha = 0.862). Categorical confirmatotgifanalysis
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established unidimensionality for SDLI. Iltem analysis using item respbasgy, based on
Samejima’s (1969) GRM, was used to determine sensitivity and precision fotesacBased

on IRT results, items 1 — 6 and 8 — 11 were included in the SDLI-e. When tested for ddfferent
item functioning (DIF) by gender, results showed DIF based on gender.Radidated that
items 5 and 9 may have been responsible for model misfit. Item analysis iobtherd question
version, the SDLI-e, was repeated assuring that this final version was pgychalty sound.

Responses to the items in the SDLI-e were used to create an SDL CTT sumraddrscor
each participant. In addition a measure of SDL, designat@dvweess calculated for each
participant using a GRM. These item responses were also used to perfotrol¢ss analysis
providing a three class model designated as high SDL, moderate SDL, and lowhsbthrde
class model was used to assign each participant to one of the three lasesst lndes®d on their
individual endorsements for each item in the SDLI-e. Latent class membershifREBcale
scores, and SDL CTT summed scores, along with demographic data, GPA and fireal onli
course grades were used as the predictor and responding variables for ihfaratys@s when
answering the research questions.

The research questions were addressed in the final part of the data anablysis/Af
variance in the SDL IRT scale scores indicated that distinct lateasesl@f self-directed
learning exist across secondary students taking online courses (reseatinaues). There
was a significant difference between all three data clusters rapingsthe classes of SDL, high
SDL, moderate SDL and low SD? = 0.79 (0.76, 0.81) which indicated a strong association
between SDL class membership and SDL scores (Ferguson, 2009). ANOVA using $DL CT
summed scores as the predictor variable also showed significant differé¢heeahree classes of

SDL, »? = 0.79 (0.76, 0.80). The Kruskal-Wallis test, performed in the face of
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heteroscedasticity, also indicated a significant difference in SBhtlatasses based on SDL
scores (y°=642.266, p < 0.001) supporting the ANOVA results.

Evidence of differential item functioning (DIF) for items five and nine in the ISI3L
administered in this study indicated that SDLI results from these two itesnkise viewed
with caution, particularly in studies where gender is a covariate or preditable.

No significant difference was demonstrated when analysis of varian@dLimvigh
ethnicity as a covariate is conducted. This was the case using eitheR$[Btdle score or SDL
CTT summed score as the predictor variable. Ethnicity in this case wiesllbomblack and
white following the minimum sample size guidelines outlined for states yWilal., 2005).

When addressing research question four, there was a significant differe3ioe by
grade level between grades 8 and 10, grades 8 and 11, and grades 10 and 12wThe low
indicated no practical significance in the relationship between grade reV&8RL scores,
wheren? = 0.03 (0.01, 0.06) with SDL IRT scale score as the predictor variabke’an6.03
(0.01, 0.06) with SDL summed score as the predictor variable.

Results for research question five indicated that particular clustsetfafirected

learning, as expressed by SDL class membership, are associatedmjitletion of the online
course based on a significarittest but recursive partitioning demonstrated that these results

provided no practical significance.

Results of ANOVA and post hoc testing addressing research question six thdheedte
there was significant difference in academic achievement when expeassfeal course grade,
but only between those with low SDL and high SDL. The strength of the relationshigbetwe

grade level and SDL IRT scale score were assessed wher8.01 (0.00, 0.04) which was
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below the recommended minimum effect size of 0.04 (Ferguson, 2009). The iadicated no

practical significance in the relationship between final course grade antR3Ddcale score.
Results of ANOVA and post hoc testing addressing research question sevendndicate

that there was a significant difference in all three classes of 3i2h wxpressed as GPA. The

strength of the relationship between SDL class membership and GPA wasdsgesres” =

0.09 (0.06, 0.13) which was above the recommended minimum effect size of 0.04 (Ferguson,

2009).
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CHAPTER YV

DISCUSSION AND CONCLUSIONS

As online education at the secondary level becomes more widely available thed as
need for alternative solutions to traditional education grows, the need haseaadctea
understanding the characteristics of students who succeed and of those veheuiaikeed in the
online environment. Because of the online learning environment tends to separataéne lear
from the instructor, the student must take greater responsibility for learrangr{@ugh,

Barbour, Brown, et al., 2009; Shaer, Khabou, & Fuchs, 2009). The most successful online
students demonstrate the characteristics of a self-directed |€2aidragh, 2007; Roblyer,

2005).

Purpose of the Study
The purpose of this study was to elucidate self-directed learning in secondaey onl
students through examining whether specific profiles for SDL as a pergdrsitiexist for and
are associated with academic achievement. While researchers hatigategdactors
associated with academic achievement in high school students (Bong, 2004; Loehsibury
2009; Rogers, 2005), no study has been made on SDL as a personality trait in onlineysecondar

students.
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Resear ch Questions
This study has endeavored to shine light on the characteristics of SDL in secondary

online students. First it was necessary to find whether distinct classe& ex&D then

whether these classes are the same regardless of gender, ethnicity tevgtadad finally

whether there is a difference in course completion and academic achievememrb&gd. in

this student population. To this end the following research questions have been addressed.

Q1- Do distinct latent classes of self-directed learning exist among segabadents taking
online courses?

Q2 — Is there a significant difference in self-directed learnocgraing to gender?

Q3 - Is there a significant difference in self-directed learnaecgraing to ethnicity?

Q4 - Is there a significant difference in self-directed learntagraing to grade level?

Q5 - Is there a significant difference in completion of online coussexcmted with self-
directed learning class membership?

Q6 — Is self-directed learning class membership associated withcagtlif different academic
achievement as expressed by final course grades for online students?

Q7 - Is self-directed learning class membership associated withicagtly different academic
achievement as expressed by cumulative grade point average for online 8tudents

The null hypotheses associated with these questions were:

Hol — There are no distinct latent classes with respect to self-directedh¢panmong secondary

students taking online courses.

Ho2 — There is no significant difference in SDL according to gender.

Ho3 — There is no significant difference in SDL according to ethnicity.

Ho4 — There is no significant difference in SDL according to grade level.
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Ho5 — No significance relative to completion of the online course is associatecklfAtiracted
learning class membership.

Ho6 — There is no significant difference in academic achievement as expressed tqurse
grade between students with particular classes of self-directechigarni

Ho7 — There is no significant difference in academic achievement as expressedulgtive

grade point average between students with particular classes of seddllezrhing.

Review of M ethodology

Existing data gathered about students in grades 8 through 12 who took courses from a
statewide online secondary school in Tennessee during the spring term of 2011. The data
included demographic and achievement data as well as student responses tced werditin
of the Self-Directed Learning Inventory (SDLI) (Lounsbury et al., 2009). Ty Stample
consisted of 780 enrollments which included all students who participated in the oriemtation f
the online courses.

While validity and reliability for the original 10-item survey has beeabdisthed by
Lounsbury et al. (2009), addition of two new items and administration of the 12-item &BLI t
new population, online students, required psychometric analysis of the survey resulisi$
study. Psychometric analysis using classical test theory and itponsestheory allowed
selection of the most psychometrically sound items to be used as the source of ela¢aate g
measures of SDL. This final 10-item version, the SDLI-e was tested feratiffal item
functioning with gender as the covariate.

Samejima’s graded response model was used to generate the mathenvateddfom

the observed score distribution of the SDLI item responses. This continuous unidimensional
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construct was used to generate a measutegsed on item response theory of SDL for each

enrollment. These measures were then converted to SDL IRT scale scaashfenrollment.

The summed item responses to the 5-point Likert survey generated the SDur@med score,
a measure of SDL for each enrollment based on classical test theory.

Correlation between the SDL IRT scale score, based on item responsedhddhge
SDLCTT summed score, based on classical test theory, was measured usog'$ea
correlation. Since these two measures of SDL were found to be highly correldtedstudy,
the two scores could be used to meet the goal of this study, to provide informatiorhabout t
relationship between SDL and student achievement.

Self-directed learning is a latent variable. Student responses to the SDideor data
that shed light on self-directed learning through latent class analysty.(Maximum
likelihood estimation was used to determine whether there was any underlstegiol in the
distribution of SDL in the study population. LCA was used to determine how manydktsses
of SDL existed and to provide the probability of membership in the SDL classesctor
enrollment. The resulting mixture model that provided the best fit was selectedh\l4silkg
Information Criteria, Bayesian Information Criteria, the Compardtivéndex, The Tucker-
Lewis Fit Index, and Root Mean Square Error Analysis. This SDL laterst klambership was
the third measure of SDL established for each enrollment.

These three measures of self-directed learning, SDL CTT summed dobriR Bscale
score, and SDL class membership, were used along with demographic data, ifneat@mise
grade and cumulative GPA, to address the research questions. Tests for unididignsiona
multivariate normality, and homogeneity of variance were applied before thapappe
inferential statistics were run to address the research questions. Resuktategorical
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confirmatory factor analysis and Cronbach’s alpha indicated unidimensiotiaditys, the items
in the SDLI measured the same construct and demonstrated internal consisesdis fRom
multivariate normality testing indicated non-normality requiring utilabf tests that were
relatively robust to departure from normality. Results of testing for homoyg@feiariance
were also taken into consideration in choosing and interpreting results fienenitidl statistics
when addressing the research questions.

Analysis of variance and the Brown - Forsythe test for homogeneity of varianc
followed by post-hoc testing using the Bonferroni (Dunn) t-test when applicable uaed to
address research questions one through four, six and seven. The Kruskal-Walhs tdsbwun
for research questions one and three to provide added support to results of ANOMJAtkests i
face of the existence of heteroscedasticity. A two-way contingehlgydaalysis was used to
address research question five since both the predictor variable and responding wari@bl
categorical. A review of the results of these inferential analysedas/éal here by a discussion

of their implications and recommendations for further investigation.

Review of Results

The following review of results consists of two parts. The first covergyxehometric
analysis that provided the final psychometrically sound version of the SDLI, thleeSbBased
on item response theory, as well as the results of the maximum likelihoodtiestithat
produced the best model of the SDL construct for the latent class analyssstidy sample.
The second segment of this review provides a summary of the results of thetiaferelyses

conducted to respond to the research questions.
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Existing data used for this study consisted of masked demographic dateeamie
data, and survey data gathered from the records of students in grades 8 through 12 from 59
districts in Tennessee who were enrolled in 37 online courses through the statesexdimgary
school in the spring 2011 term. Of the 780 enrollments, 56.15% were female, 81.28% were
white, 12.69% were black and the remaining ethnicities were each less than 3%amhthe.

The proportion of enrollments in grades 8 through 12 were 9.74%, 12.05%, 23.85%, 24.62%,
and 29.74% respectively. The completion rate for the online courses was 88.33% of the
enrollments.

All students who participated in the online student orientation responded to all of the
guestions in the 12-item Self-directed Learning Inventory (SDLI) whiaf @mbedded in the
gated student orientation for all online courses in the spring 2011 term. The SDLI waera 12
inventory using a 5 point Likert scale consisting of 10 items from the original 8Bated and

validated by Lounsbury et al. (2009) plus 2 additional items created for this study.

Psychometric analysis.

The SDLI results in the current study were analyzed to assure psychomendgnsss of
the scale. The 12 item SDLI was shown to be internally consistent since Crordlphh’svas
0.865 which was greater than the accepted cutoff of 0.800. Item 7 demonstrated shé@dowe
total correlation, and it was found that deletion of item 7 would raise Cronbach’s i&pha
analysis showed that item 7 had the lowest item discrimination (a = 0.681) andegpktieza
shallowest item characteristic curve among the 12 items. Item 6 haeldbied lowest item
discrimination and item characteristic curve. ltems 6 and 7 accounted foashgdeance

among the 12 items in the SDLI. Item 7 had dv&ue of 0.124, the weakest of the observed
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variables followed by Rfor item 6 (0.256). In comparison, the two items added as part of this
study, items 11 and 12,havé ®alues of 0.415 and 0.391, respectively, so the proportion
accounted for by the latent factor was greater for item 11 than for item 9&4 Ba these
results, items 11 and 12 were considered for replacement of items 6 and 7 in thedioalofer
the SDLI.

Four versions of the SDLI were compared for model fit to select the versionabahev
most psychometrically sound in order to conduct the latent class analysismnv&rcontained
all 12 items. Version B contained the original 10 items (Lounsbury et al., 2009).AGtanas7
were replaced by items 11 and 12 in Version C in order to maintain a 10 item instdament.
Version D, item 7, because it has the lowest factor loading, the lowest itaimahiation,
shallowest information curve and Ralue, was replaced by item 11. Item 11 was chosen over
item 12 because the item information curve indicated that item 12 provided lessatidorfor
students in the high range of SDL and because thalRe for item 12 was lower than that for
item 11. Since results indicated that item 11 was psychometrically stithiageitem 12, Version
D included items 1 through 6 and items 8 through 11. Based on model fit indices, Version D
demonstrated a better goodness-of-fit than the 12 item SDLI (Version Ah@ndginal 10
item SDLI (Version B). The RMSEA results indicated that Version D wag mor
psychometrically sound than Version C. Therefore the latent class amedgstonducted using
results from Version D of the SDLI, including items 1-6 and 8-11. Version D wasfbehce
designated as the SDLI-e.

The ten item SDLI-e demonstrated acceptable reliability (Cronbagtts = 0.862) and
was comparable to the reliability of the original version administered to naddl@igh school
students by Lounsbury et al., (2009) (Cronbach’s alpha = 0.87). In addition, the CFI and TLI for
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the SDLI-e were both greater than 0.95 (CFI = 0.967, TLI = 0.957), and RMSEA within
accepted range at 0. 086. The SDLI-e exhibited lower, thus more acceptableforaRMSEA
than the original version of SDLI (Version B). Based on these results, datahieddDt I-e
including items 1-6 and 8-11 were used to calculate SDL IRT scale scote§€TSDsummed

scores and the SDL latent class membership.

SDL IRT scalescoresand SDL CTT summed scor es.
An SDL IRT scale score was computed based on results of graded response modeling

resulting in SDLY. The equation wasSDL IRT scale score = 50 + (1@)(. These scores

calculated for each student ranged from 13.22 to 75.22. SDL CTT summed scores were
calculated based on classical test theory by summing the responses to thelternt&Ds for
each student. A Pearson’s correlation between the SDL IRT scale scorke &LtCTT
summed scores was 0.99 (p <.0001) indicating a strong correlation between dcaleteda
using item response theory and those calculated using classical tegt Tihese scores, along
with the students’ SDL class membership calculated through latent clagsigsnaére used to

address the research questions.

L atent classanalysis.

Latent class analysis (LCA) is used to estimate unobserved hetetggemeategorical
latent variables using mixture modeling (Muthén & Muthén, 2010). In this study &6xt |
class membership was determined based on responses to the SDLI-e. The mgammsskave
been collapsed by combining option 1 (strongly disagree) and 2 (disagree) reaulting i
categories which were disagree, neither agree or disagree, agreegagly sigree. Options 1

and 2 were combined because option 1 was selected 1.8% of the time and option 2 was selected
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8.7% of the time as compared to options 3, 4 and 5 (28.3%, 41.4%, and 19.9% respectively).
Combining options 1 and 2 provided a more proportionate sample size for the final four
categories of endorsement used in the subsequent latent class analysmirivikelihood
estimates of the probability that respondents who exhibited a certain meaSire wbuld
respond to the SDLI-e in a certain pattern were used to create mixture modelgtrthe
classes. Latent class analysis was used to produce models with one, twéotinraed five
classes which were evaluated for the model fit that best explained the urglgrbups of SDL
in the sample. Akaike Information Criteria (AIC), Bayesian InfororatCriteria (BIC), adjusted
BIC, entropy, the Vuong-Lo-Mendell-Rubin test (VLMR) and the bootstrapped parame
likelihood ratio test indicated that the four class model for SDL demonstratedsthadmtel fit.
Although the four class solution demonstrated the best model fit in the statistisal, the more
parsimonious three class solution provided a better model in practice. For the fegotléisn,
the higher probability of endorsement for class 2 and class 3 alternated betweesodenate

and high moderate endorsement by SDLI item with some double loading (e.g. item 4), thus
failing to produce a clear cut trend for latent class membership. The khseerodel allowed a
more meaningful interpretation for the educational environment. That is, clasaldensaip
demonstrated the highest probability for endorsing “strongly agree” ae€dgiass 2
membership demonstrated probability of endorsing the middle levels of endotsanteclass 3
membership demonstrated probability of endorsing “neutral” or “disagresultR®f the three
class pattern of probabilities led to designation of latent class one as Highl&3 two as

moderate SDL, and class three as low SDL (Table 15).
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Summary of research question results.

Results of inferential statistics supported the premise that latergélaisSDL do exist
within the population of online secondary students, and that there was a correlatiom lsefivee
directed learning and academic achievement. It was shown that sekedlilestining as a latent
variable can be modeled as three significantly different classes anwamglagy students taking
online classes designated as high SDL, moderate SDL, and low SDL. Post-ngcstesived
all three SDL classes were significantly different from each other.

Academic achievement for online students can be viewed through the lens of course
completion rate or final online course grade. In addition, GPA is a traditiessure of
academic achievement. The findings of this study indicated that SDxpeessed by SDL
latent class membership was associated with significantly diffeoense completion rate and
achievement. The completion of online courses associated with self-direstaddeclass
membershipwas significantly different by SDL class membership, butfidasen and
regression tree analysis indicated that there was no practicalcago#iin course completion
based on SDL scores. Although there was a significant difference in acadereveawnt as
expressed by final online course grades, effect size was below minimammeaded values
for practical use. There was a significant difference in academievachent as expressed by
GPA where the effect size was above minimum recommended values forgra€f(0.06,
0.13).

It was deemed worthwhile to investigate whether gender, ethnicity and guatievere
associated with difference in SDL class membership. The results ofutthysisdicated that
differential item functioning according to gender was demonstratetefosi5 and 9; however,
no significant difference in SDL class membership according to gendeteramstrated. There
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was no significant difference in SDL according to ethnicity when consideraag bihd white
students. The sample size for other ethnicities was below the recommendgzkcatid not
include in the analysis. While there was a significant difference in SRjrdule level, the effect

size was below the recommended level for practical significance.

Discussion of Findings
Secondary school personnel who are responsible for enrolling students in onlieg class
often ask if there is a way to know whether online learning is suited for parstudsents.
Cumulative GPA can provide some guidance in this decision (Roblyer et al., 2008;
Wojciechowski & Palmer, 2005), but this information is frequently not readily avaitaiieg
the enrollment process. In addition, online instructors, who are often not employed by thei
students’ school districts, may not have access to an accurate GPA for all ofline
students. Results of a dependable and easy to use predictor of student success, sBbh.as the
e, would be useful to the online instructor and school personnel responsible for supporting the
students taking online courses. A method of interpreting the results of the S&idkeas SDL
class membership, might lead to a consistent use of the SDLI results prauidiagce to busy
online instructors and school personnel in supporting online students at the appropriate level.
Results show that there are three distinct clusters or latent clasegdinested learning
among the online secondary students in this study. Although the four latenbbldiss s
indicated the best model fit from a statistical perspective, the second ahddks results
alternated greatest probability of endorsement between low moderate andtryiate SDL
providing inconsistent item-to-item trends in the SDLI. The three class solutioicigd a

statistically acceptable model that also provided a practical, consisbeled for SDL class

128



membership. The SDL class membership was strongly associated with SDdu@imed scores
(the simple sum of the item endorsements to the SDLI for each student) whemreéhatent
classes for self-directed learning were designated as low SDL, ave@&DL, and high SDL.
Oliveira and Samdes (2006) found, in a study with university students, that factors
influencing SDL were self-efficacy, conscientiousness, epistemoldmgtiafs, and beliefs about
internal control, while age and gender had no significant impact. Despiteititiagd, it was
still important to investigate whether gender had an impact in the current lstwdder for the
results from this research to be applicable to a more generalized populatianéceasary to
determine whether the SDLI items function differently for males or fesnalhis was
accomplished using a multiple indicators multiple causes (MIMIC) modektddr differential
item functioning. Evidence of differential item functioning (DIF) for itemre find nine in the
SDLI as administered in this study indicated that SDLI results fr@settwo items should be
viewed with caution, particularly in studies where gender is a covarigtedictor variable.
Results of ANOVA conducted on SDL CTT summed score by gender on the dataset both with
and without items 5 and 9 indicated no significant difference in SDL summed sconeday.ge
The general population in the 59 school districts included in this study tends to reflect
that of rural populations in the United States. The ethnicity for rural areaslimitieel States is
majority white (82.1%), followed by black (7.8%), Hispanic (6.1%), Indian (2.0%), arahAsi
(0.9%) (Jones et al., 2007). The ethnicity for this study population was white (81.3%), blac
(12.7%), Hispanic (3.0%), Indian and Pacific Islander (0.5%), and Asian (2.3%). Thigsampl
was, therefore, similar to that of the general rural population, but caution should bd applie
before using the results from this study when working with an urban population Wwaere t
proportions by ethnicity are markedly different. Further research witmdacy online students
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in an urban setting would be necessary. Since the sample sizes in this saidgitities other
than black and white were each less than the generally accepted minimum oiMiegGf al.,
2005), they were not included in the analysis of SDL scores by ethnicity. RestuksBybtvn -
Forsythe test for homogeneity of variance (p = 0.0203) indicated significaffiélsedi variance
in the sample. This was not unexpected given the difference in sample sizerbbtack and
white enrollments, so the Kruskal-Wallis test was conducted and indicated necargnif
difference between SDL CTT summed scores (p=0.188) based on the ethnicitk@malac
white students in this sample.

Lounsbury et al. found modest correlations (.16 to .20) between age and SDL, and one of
the posited explanations was “increased salience of self-directedhfpama function of age-
related personality changes,” (2009, p. 415). Given this and findings by reseénahers
personality traits are still in flux until late adolescence(e.g., Arb8f9; McCrae et al., 2002), it
was deemed prudent to investigate whether there was a significantrdiff@neSDL with regard
to grade level for this study. Although there was a significant differ@nSBL scores between
some grade levels (8 and 10, 8 and 11, 10 and 12), but not the others, difg@03 (0.01,
0.06)) indicated no practical significance in the relationship between gratledev8DL CTT
summed score in eighth through twelfth graders. A second consideration when cogicete
level in this study was that mean GPA students in eighth grade was highérahtor those in
the upper grades. This reflected the fact that more of the eighth grade stuatertisking
courses for high school credit (as enrichment) while many of the older stuasgpttaking
online courses for credit recovery or to catch up with their cohort. This should be taken into

consideration when planning future studies.
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Dabbagh (2007) characterized successful online learners as those who exglibited s
directed learning skills. Because the dropout rate in some online programhad bencern
(Roblyer, 2006b), online school personnel have called for a means to help predict whicls student
will need support to prevent failure to persist in the course (W. Oliver, personalucocation,

July 22, 2011). Course completion rate in the current study was 88.33% and was significantly
related to SDL class membership’E 8.421, p = 0.0120). Although these results were

statistically significant, they were not practically significaktse of a classification tree analysis
indicated that, for the results of this study, results of the SDLI-e could not besusgutaectical
indicator of probable course completion status.

Online instructors and school-based facilitators might use the SDLI-esrasidentify
students with low SDL so that these students could be placed in a more structurad learni
environment and receive additional online and face-to-face attention. Thzecaly
beneficial during the critical beginning phase of the online course sinceswiu® are more
active in the course during the first few weeks tend to be more successful gC29Qm).

Academic achievement in an online course can be judged by final course gndaeys-
in this study showed that there was a significant difference in mean funalecgrade between
the high SDL latent class and the low SDL latent class. The difference in mabrofirse
grade was not significant between low and moderate SDL classes or betgleandimoderate
SDL classes. While ANOVA indicated statistical significant diffee thew? (0.01 (0.00,

0.04) was below the recommended minimum effect size of 0.04 (Ferguson, 2009), ingicating
practical significance in the relationship between final course grade andc®d. These results
indicated that, for this study, variation in the final course grade seems to hawdulede factors

other than SDL class membership. The online secondary school that created and aeldhiniste
131



the courses and teachers involved in this study endeavored to standardize atthmngurse-
to-course variables as possible through standardized course design, cdrdradtien of all
assessments, proctored final exams and centralized training of all imsrddtis still left room
for variation based on the many other factors that exist in any learning envirorfruettier
investigation is needed in this area.

Researchers have found that GPA can be associated with academic aghienehe
online environment (e.g., Hsu& Shiue, 2005; Roblyer et al., 2008; Wojciechowski & Palmer,
2005). Lounsbury et al., (2009) established construct validity with a significaniatiome
between the SDLI results and GPA. Results of the current study showed thatt&Iclass
membership was also related to cumulative GPA, with mean GPA significhifeisent for all
three SDL classes (F(2,777) = 40.08, p<0.@§1= 0.09 (0.06, 0.13)). Members of the low SDL
class tended to have the lowest GPA and those in the high SDL class tended towaitetie hi
GPA. Since SDLI class membership seemed to be positively associdigdRéit and GPA has
been associated with success in the online environment; it seems that Siefabership
might be useful in helping guide placement in appropriate learning environmeeitksnts with
high SDL could be allowed to work in online classes outside of the school day while those wi
lower SDL might be provided extra support in more structured learning environimants
supervised lab during the school day. Online students could take the online version of the SDLI-
e allowing immediate access to results as the student is enrolled. This wiudl pmportant
information to the trained online instructor who could make sure students with low to reoderat

SDL received extra guidance and support.
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Implicationsfor Practice

In the past the options for online courses have often been limited to models in which the
student had little interaction with the instructor, but now much wider options arebdevaila
providing flexible and student focused courses with the advent of fifth generatiorsrfardel
online learning (Taylor, 2001). Guidance counselors may have a choice ofdeammironments
available to prospective online students ranging from totally independent stadynline
course, to courses offered in a supervised computer lab, or even through blended leareing whe
the content is online but the instructor is face-to-face (Watson et al., 2011)irSesnédtle
thought has been given to whether there was a good match between the learning environment
and the student’s propensity to function successfully in the online course. Appropriatéhese of
SDLI-e to provide information about a student’s self-directedness will help dotsgehelp
the student decide whether online learning is the best choice and to select thiailadde a
learning environment.

Even though the results indicated that there seems to be a significant diffarence
academic achievement based on self-directed learning in online secandants these results
will have limited practical value if practitioners must interpret the tegilthe SDLI-e
themselves. Practitioners would benefit from guidelines about how to interprestiits of the
SDLI-e that have been based on statistically sound methods. Regressionlysas based on
recursive partitioning can be used to provide statistically sound cut scothe fmmposite
scores of students taking the SDLI-e that differentiate between stueleditsgt toward greater
academic achievement and those tending toward lower academic achieveheeotit 3cores
might then be used to help identify students with lower SDL who would benefit fromrgreate
support as they take online classes.
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It has been found that the self-directed learner is described as one whoidtadegree
of self-efficacy; is intrinsically motivated; diagnoses personal legrneeds; sets goals based on
that diagnosis; chooses appropriate strategies to achieve those goalslselfes the goal
achievement based on internal evidence and external feedback; and is willirej teeme
challenges (Oddi, 1987; Peterson, 2011; Pintrich & De Groot, 1990; Skager, 1979; Wolters,
2010). “Learner self-direction, centers on a learner's desire or preddm@massuming
responsibility for learning” (Brockett & Hiemstra, 1991, p. 24). Oliveira asmah&s (2006) and
found, that factors influencing SDL were self-efficacy, conscientiousepsgemological
beliefs, and beliefs about internal control. A trained onsite facilitatortrmtgrview
individuals, whose SDLI-e results indicate low SDL, to find out whether they negavikbllow
self-efficacy, self-motivation, goal setting and organization, or evaludteiglocus of control.
Onsite facilitators and online teachers would need training in how to provide suppeddo t
students, and to help them move toward greater self-efficacy, an internal |l@cusrof, and
greater self-directedness. The purpose of determining a student'seelédiness is not to
block access to online learning, but rather to provide appropriate support so the studenncan begi

to take responsibility for his or her own learning and to succeed in the online course.

Recommendationsfor Further Study

As was found by other researchers (e.g., Canipe, 2001; Lounsbury & Gibson, 2006;
Lounsbury et al., 2009; Lounsbury, Saudargas, et al., 2004; Lounsbury, Steel, et al., 2004;
Lounsbury et al., 2003; Lounsbury et al., 2005), results of the psychometric analysid of SD
stemming from this study indicate the benefit of employing this instrunsesmt andication of

student self-directed learning. Further study of the psychometric preparseme of the items

134



might be of benefit to the utility of this instrument. In the current study éeatysis, based on

item response theory using Samejima’s (1969) graded response model, low itemrdition

was found in items in items 6 and 7 indicating these items were the least sensibigage in

SDL. The item information calculations also indicated the lowest reljahilitthese two items.

If these results are verified in other studies, perhaps these items should beredrfsir changes

to improve their psychometric properties. In addition, items 5 and 9 might need to bedkvie

to verify whether there is differential item functioning by gender. # ithfound to be the case

with an expanded population, then it would be productive to investigate why there seems to be a
difference in response to items 5 and 9 for males and females.

Information technology continues to offer increasing access to information ardlitye a
to analyze more complex data due to improvements in capabilities of online learning
management systems, increasing use and access to student managemes)taydiavailability
of powerful applications such as SAS and Mplus. This increase of detailed infor@iadut
students and how they interact with online content within the learning managentemtssigs
beginning to allow data mining (Chellatamilan & Suresh, 2011). Advanced techniques such a
fuzzy logic, artificial neural network modeling, clustering and principatgonent analysis,
among many others, are used to track student behavior within the courses (CdstR0@7).

It is possible to use results from some of these to provide information to instrugtdighting
shortfalls in the curriculum. Fuzzy logic theory has been used to evaluatertesifficulty and
incorporate information about individual students to generate individualized tastso(€t al.,
2007). This is an active area for research in the business and military tractiogasnd will
become more important to the education sector as the technology and applications become
available. Basic data mining should be used now to provide needed insights into student
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learning behaviors in the online environment. Research in this area will serve tomhoee
learning further toward attainment of Taylor’s (2001) fifth generation hwfdeersonalized
adaptive learning in the online environment.

The results of the current study should be interpreted with caution. Although the sample
size may have been adequate (n=780), it was drawn primarily from rural airdissam
Southeastern school districts with a limited representation of some minofihesstudy would
need to be repeated in urban settings and other regions of the United States to allow more
generalized application of the results. In addition, the existing data was ftcawthe spring
term of one year. The population of students who take online classes in the sprirajisayst
identical to the population for fall online classes. For example, the number of staderds t
online classes is often higher in the spring than in the fall so students can femovailures
during the previous fall term. Repeating the study for the same population oval s=ves
may shed light on any underlying trends due to changing online student populatione b¥ ti
year.

Although there was a significant difference in mean final course gradBlbgl&ss
membership, the effect size was much smaller than that of mean GPA for thetadants by
SDL class. Perhaps a better measure of academic success by onlinenoghtrbe an
investigation of state End-of-Course test results for students taking onlisegacomparing
means of those End-of-Course grades by SDL class membership. That option aves|alole
in this study, but it might be a productive direction for future research.

It might be beneficial to compare achievement of students with sigiilarscores or
SDL class membership who are placed in blended classrooms, supervised corguieda
totally independent study all with the same online curriculum. Few secondary sciinas

136



have large enough populations to support a study of this type, but this may be possible as online

education at the secondary level continues to grow.

Summary of Discussion

In summary, findings from this study support the premise that specific gridiiself-
directed learning in secondary online students do exist and are associatezhugtimia
achievement. Learners in secondary online classes may be grouped intstimeeclasses of
self-directed learning based on their responses to a modified version of ttieesdde learning
inventory (SDLI-e). Membership in these latent classes, designated &Diigmoderate
SDL, and low SDL, was significantly associated with academic aement as measured by
completion of online courses, final online course grades, and cumulative GPA. Thatiassoc
between SDL latent class membership and cumulative GPA was strong@est lF& 40.08,
p<0.001,w? = 0.09 (0.06, 0.13)). Other researchers have found that GPA can be associated with
academic achievement in the online environment (e.g., Hsu& Shiue, 2005; Rolalye2@08;
Wojciechowski & Palmer, 2005). Since SDLI class membership seems to be positively
associated with GPA, and GPA has been associated with success in the onloreremtirit
seems that SDL class membership might be useful in helping guide placenmnbipriate
learning environments ranging from independent study outside the school day strvetyred
support of learning in a blended online class.

Recommendations for practice included use of results of SDLI-e to guide praagme
online students in a learning environment that best supports the student’s stdddiess. This
ranges from placing students with the lowest SDL in learning environmehtsuyport from a

lab facilitator in a computer lab or face-to-face instructor in blended itisinuo allowing
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students with the highest SDL to take online courses from home. A second reconondadati
to interview students with low and moderate SDL to identify their attitudes dde@aming, such
as causal attribution (effort vs. ability) (Zimmerman, 2011), goal orient@Bandura, 2001),
and assignment of task value (Bong, 2004). Results of these interviews might help online
instructors and onsite facilitators to understand the student’s perceptions aboung laad to
provide appropriate individualized support to help the student toward increased stHdtiess
and self-efficacy.

Recommendations for further study include suggestion that the psychometricipsopert
of the Self-directed Learning Inventory continue to be investigated, espeudidllsegard to
item discrimination for items six and seven; and with regard to differentmalfitectioning with
regard to gender for items five and nine. Further recommendations suggdss thiatdy be
repeated with online students in an urban setting and in other regions beyond the Southeast.
There would also be benefit in repeating the investigation of the relationshipehebé. latent
class membership and final online course grade, and between SDL latemextalssrship and
results of state End-of-Course tests. Finally, if a large enough sample coaldhteit would be
interesting to compare achievement of students with similar SDL sco&3Loatent class
membership who are placed in blended classrooms, supervised computer labs, and totally

independent study all with the same online curriculum.

Conclusions
The twenty-first century educational community continues to open new avenues of
learning to students in the form of widened opportunities for online learning. In thbgras

were fewer choices about what kinds of online learning were available to studenisjiae
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learning was limited to a few students who tended to be self-directed andckasd &ctheir own
technology. With increased access to affordable technology and a wide vaaelye
learning options, students of all levels of capability have access to onlinm¢gan addition,
with emphasis on increasing graduation rates, schools are looking for newovirys
struggling students to graduate with their cohorts. All of these circumsteneeds a significant
challenge in selecting the best match between the student’s capadildigse best online
learning environment for the student.

It has been found that students who take responsibility for their own learning and
demonstrate the narrow personality trait known as self-directed leareimgtsdave greater
academic achievement and to find success in the online environment (Dabbagh, 2007,
Lounsbury et al., 2009; Roblyer, 2005). The adolescent personality has generallysedigef
and some students are farther along the road to maturity as self-diractexide¢han others
(Arnett, 1999). Those students who are highly self-directed should have the opportunity to test
their wings in a less structured learning environment where they can chopsacthdime and
rate at which they learn. Online learning offers that option (CavanaudigiBa& Clark,
2009). Students who are not as highly self-directed may benefit from placement in a
environment where an adult mentor is available to help them to build sense ofisatfyetearn
to set and evaluate learning goals, and to take greater responsibilityifomthdearning
(Oliveira & Simodes, 2006; Zimmerman et al., 1992). It has been recommended ithat onl
instructors pay close attention to how the students are spending time in the onliredoongs
the first two weeks of the course, and provide extra support for students who fail te engag
during this critical period (Blomeyer, 2002; Chyung, 2001). If school personnel and itine onl
instructor have an indication of whether a student is low, moderately or highly selfediright
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at the beginning of enrollment in an online course, the appropriate type and level of sapport
be given.

Results of this study indicate that the Self-directed Learning Inve(B@l-e) can
provide needed information about secondary online student self-directedness. Findindgshow t
SDL for these students can be clustered into three latent classes, high SDiaten8Bé., and
low SDL. Results suggest that membership in these latent classes isanglyitissociated with
academic achievement as measured by cumulative GPA.

The learning management systems that house the online courses continuase iincre
power and the ability to provide information about how students spend time interat¢hnbevi
course content; and the data mining techniques are becoming more availabletionenac
This increase in accurate information will allow additional information abiuaent learning
within online courses. Although the findings for this study found significant assockstween
SDL and both course completion and final course grades, future study that inclugdeteatata
about student activity within the course as one of the variables would allow hessdccreate
a finer grained picture of online student learning. One might ask, “How do studemezre
highly self-directed function within an online course as compared to students whssaself-
directed?”

SDL latent class membership based on a student’s response to the SDLI-e can provide
added information that practitioners can use to indicate whether the studenedithnes
focused support both face-to-face and within the online class. A large numbeof fact
contribute to student achievement, and high quality student support takes many of these int
account. It seems that the SDLI-e can provide valuable information about onefplece o
complex construct involved in student learning, that is self-directed learning.
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APPENDIX A

Self-Directed L earning Inventory

1. Iregularly learn things on my own outside of class.

2. lam very good at finding out answers on my own for things that the teacher doesaint expl
in class.

3. If there is something | don't understand in a class, | always find aWegri it on my own.

»

| am good at finding the right resources to help me do well in school.

o

| view self-directed learning based on my own initiative as very impodaasti€cess in

school and in my future career.

6. |set my own goals for what I will learn.

7. |like to be in charge of what I learn and when | learn it.

8. If there is something | need to learn, | find a way to do so right away.

9. | am better at learning things on my own than most students.

10. I am very motivated to learn on my own without having to rely on other people.

11. 1 do not need much help to complete my homework.

12. Taking charge of my own learning is very important for success in my school aed futur
career.

Likert Scale Choices

1 = Strongly Disagree 2 = Disagree 3 = Neutral/Undecided

4 = Agree 5 = Strongly Agree
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